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Climate predictions remain highly uncertain: E.g., allowable 
CO2 concentration before crossing 2°C warming threshold
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29 current IPCC models



Climate predictions are uncertain mostly because 
of low clouds

Stratocumulus: colder Cumulus: warmer

h"p://eoimages.gsfc.nasa.gov	



Low-cloud reflectance feedback accounts for 
majority of spread in climate response across models
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(see also Cess et al. 1990, Bony & Dufresne 2005, and many others) 



Climate models are too coarse to resolve clouds

Global model:  
~100 km resolution Cloud scales: ~10-100 m
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But we can simulate clouds in limited areas

Simulation with PyCLES (Pressel et al. 2015)
Large-eddy simulation of tropical cumulus 



The simulations are so reliable, they are set in 
stone…



The simulations are so reliable, they are set in 
stone…



Karen LaMonte’s Cumulus is at the Biennale now



When will we be able to compute clouds globally?

Peak performance of fastest computer
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What we can do now

Limited-area modelGlobal model

Use global and limited-area models in hierarchical 
framework to develop parameterizations



We can make progress exploiting model hierarchy 
and new data
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Cloud/boundary layer turbulence schemes in 
current GCMs have unphysical discontinuities

• Deep convection: Often mass flux schemes (e.g., Arakawa & 
Schubert1974, Tiedtke 1989; Arakawa & Wu 2013) 

• Shallow convection: Often also mass flux schemes, but 
with discontinuously different parameters (e.g., 
entrainment rates) 

• Boundary layer turbulence: Often diffusive; difficult to 
match with cloud layer (e.g.,Troen & Mahrt 1986) 

Parametric and structural discontinuities for processes with 
common (e.g., dry) limits



We use plumes/environment decomposition to 
develop unified representation of all SGS turbulence

Use adiabatically conserved variables                    ; partition 
fluxes into updraft, environment, and (possible) downdraft 
components (Siebesma & Cuijpers 1995, Soares et al. 2004): 

Traditionally plume variance is taken to be small: 

1st term focus in BL schemes, 2nd (mass flux) in 
convection. Keep both together!
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Phenomenology of turbulence motivates plumes/
environment decomposition (BOMEX, shallow Cu)

(Kyle Pressel, code available at climate-dynamics.org)

Colors: vertical velocity (red up, blue down); green contours: cloud condensate

http://climate-dynamics.org


Eddy diffusion/mass flux scheme

Turbulent flux of conserved variables (Siebesma & Teixeira 2000)
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Structure of extended EDMF scheme

(Tan et al., JAMES 2018)

Decomposes domain into environment (i=0) and updrafts (i=1, …, N): 

• Continuity: 

• Scalar mean: 

• Scalar covariance

subdomains (second term). From the large-scale model perspective, h/i represents the resolved GS mean,
and h/!w!i represents the SGS fluxes and (co-)variances of scalars that need to be parameterized.

2.2. Dynamic Equations for Subdomains
In deriving dynamic equations for mean fields and covariances in the subdomains, we make the following
simplifying assumptions:

1. Horizontal variations of density q are neglected, except in the calculation of vertical accelerations. This
makes the EDMF scheme similar to a subdomain-averaged anelastic system, and area-weighted averages
over subdomains as in equations (2) and (3) are equivalent to mass-weighted averages.

2. Horizontal variations of SGS statistics (mean fields and covariances) are neglected, so that only deriva-
tives with respect to time t and height z appear (boundary-layer approximation).

3. Mean horizontal velocities uh5ðu; vÞ in any subdomain are taken to be equal to the domain-mean values
huhi, so that only advection by domain-mean horizontal velocities contributes to SGS horizontal fluxes.

4. Fluid masses exchanged between any two subdomains by entrainment or detrainment carry with
them the mean properties of the subdomains (mean-field approximation). This also applies to
exchange of covariances among subdomains: they are entrained or detrained like other fluid
properties.

With these assumptions, the continuity equation for the area fraction ai becomes
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Here, rh5ð@=@x; @=@yÞ is the del operator in the horizontal plane. The rh-terms are included to allow for
the horizontal advection of SGS properties across grid cells. The fractional entrainment rate !ij gives the rate
of entrainment into subdomain i from subdomain j, defined so that !ij5ðqaiw iÞ21Eij , where Eij is the mass
entrained per unit time into subdomain i from j (normalized by the area of the entire domain). The fractional
detrainment rate di gives the rate of detrainment from subdomain i into all other subdomains, defined so
that di5ðqaiw iÞ21Di , where Di is the mass detrained from subdomain i. (Into which subdomain the mass is
detrained does not matter for the subdomain i from which it is detrained. Hence, the subscript j only
appears in the entrainment rate for subdomain i, because the properties of the air entrained from subdo-
main j matter for i.) By mass conservation, any mass detrained from subdomain j must be entrained by other
subdomains (or re-entrained by j), so that Dj5

P
i Eij , and thus

qajw jdj5
X
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Exact definitions of entrainment and detrainment rates have been given, e.g., by de Rooy et al. (2013) and
Yano (2014a). They are reproduced with slight modifications in Appendix A for reference. A detailed deriva-
tion of the covariance equation (6) is given in Appendix B.
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appears in the entrainment rate for subdomain i, because the properties of the air entrained from subdo-
main j matter for i.) By mass conservation, any mass detrained from subdomain j must be entrained by other
subdomains (or re-entrained by j), so that Dj5

P
i Eij , and thus

qajw jdj5
X

i

qai w i!ij: (7)

Exact definitions of entrainment and detrainment rates have been given, e.g., by de Rooy et al. (2013) and
Yano (2014a). They are reproduced with slight modifications in Appendix A for reference. A detailed deriva-
tion of the covariance equation (6) is given in Appendix B.
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EDMF assumptions
• Close environmental fluxes diffusively 

• Assume drafts have no variance (can represent variance 
through multiple drafts) 

• Use TKE-mixing length (l) closure for diffusivity 

with prognostic equation for environmental TKE
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(11)

The TKE equation (11) for each subdomain represents a consistent partitioning of TKE across the subdo-
mains, which is important, for example, for using TKE in diffusive closures of turbulent fluxes within a sub-
domain, as is done in the EDMF scheme we are developing here.

The pressure terms in both equations include contributions from the normal and form stresses, while the
horizontal stresses and the dilatation effect also contribute to the pressure term in the TKE equation.
Detailed derivations are presented in Appendix D.

2.3. EDMF Assumptions
The dynamic equations (4), (5), (6), (9), and (11) hold quite generally, under mild assumptions that allowed
us to carry out a domain decomposition and drop horizontal derivatives of subdomain statistics. However,
the dynamic equations contain many terms that require closure, from entrainment rates among all subdo-
mains, detrainment rates for all subdomains, to turbulent fluxes within subdomains. The EDMF scheme
makes additional assumptions that reduce the number of terms requiring closure (Neggers, 2009; Neggers
et al., 2009; Siebesma & Teixeira, 2000; Siebesma et al., 2007; Soares et al., 2004; Suselj et al., 2012):

1. There is one distinguished subdomain, the environment (i 5 0), which has turbulent fluctuations /00; w00,
etc. In all other subdomains, the plumes (i & 1), turbulent fluctuations /0i ; w0i , etc. are assumed to be
negligible.

2. Turbulent fluxes in the environment, such as w00/
0
0 , are assumed to be diffusive, so that, for example,

w00/
0
0 52K

@/0

@z
; (12)

with an eddy diffusivity K. Turbulent fluxes of (co-)variances such as w0i ui
02 are also closed diffusively in an

analogous fashion.

In addition, EDMF closures usually assume that entrainment and detrainment only occur between plumes
(i & 1) and the environment (i 5 0) (e.g., Yano, 2014a). However, we do not make this assumption here, to
allow, for example, for updrafts to detrain air into neighboring downdrafts.

With these assumptions, we are left with five principal equations in addition to the continuity equation (4)
for the area fraction ai: equations for vertical velocity w i and scalars / i in the plumes, and equations for sca-
lars /0, covariances /00w

0
0 , and TKE e0 in the environment. The equation for the vertical velocity in the

plumes (i & 1) becomes
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and that for the scalar in the plumes,
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1
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& '
5qaiw i

X

j
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1qaiS/;i : (14)

The equation for the vertical velocity in the environment becomes
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becomes small, and it would detrain decelerating updrafts completely as w i ! 0 because of the w 22
i scal-

ing of the detrainment rate.

The above discussions in principle also apply to precipitative downdrafts, with two major differences. First,
precipitative downdrafts are caused by precipitate falling into and evaporating in an unsaturated environ-
ment, generating negative buoyancy. Thus, the dynamical entrainment for downdrafts is closely coupled to
microphysics, involves updraft-downdraft interactions, and may occur over a range of heights. Second,
downdrafts must terminate at the surface even if they are still negatively buoyant. Thus, the dynamical
detrainment is concentrated near the surface, where it has strong impacts on updrafts and the environ-
ment. Note that with our current definitions, the entrainment and detrainment rates for downdrafts are
negative because mass is entrained or detrained over negative vertical displacements. The parameterization
of downdrafts is left for future study.

3.3. Eddy Diffusivity
As in common diffusive closures, the environmental eddy diffusivity K is assumed to depend on the envi-
ronmental TKE through

K5cK l
ffiffiffiffiffi
e0

p
; (28)

where cK 50:1 is a scaling constant, and l is the eddy mixing length (e.g., Witek et al., 2011b). The eddy
mixing length is a Lagrangian decorrelation length, and it generally depends on the quantity being
mixed (Galperin et al., 1988; Grenier & Bretherton, 2001; Mellor & Yamada, 1974, 1982). That is, eddy
viscosities and eddy diffusivities for different quantities usually differ. For simplicity, we use one mix-
ing length for all quantities, including scalars, their covariances, and TKE, prescribing it following
Witek et al. (2011b) as

l5ðl21
s 1l21

e Þ
21 with ls5jz 11al

z
K

" #bl

and le5s
ffiffiffiffiffi
e0

p
: (29)

Here, the length scale ls captures the limitation of the vertical extent of eddies by their distance from the
surface and by surface-layer stability, where K is again the Monin-Obukhov length and j50:41 is the
von K!arm!an constant. The coefficients are ðal; blÞ5ð2100; 0:2Þ for unstable surface layers (K < 0) and
ðal; blÞ5ð2:7;21Þ for neutral or stable surface layers (K # 0) (Nakanishi, 2001). The other length scale le

relates the eddy size to the eddy turnover timescale s by Taylor’s hypothesis, with s5z$=w$ (Teixeira & Chei-
net, 2004). Our choice of mixing length l is broadly consistent with previous studies (e.g., Grenier & Brether-
ton, 2001; Witek et al., 2011b), with the important distinction that our ED closure is restricted to the
environment, at the exclusion of convective plumes. We additionally limit the mixing length l to be no less
than the vertical mesh size h.

3.4. Momentum Source Terms
The horizontal momentum equation (20) contains three source terms: the first term is closed with the ED
closure, and the two other terms (GS pressure gradient and Coriolis acceleration) are computed by the GS
model. Therefore, no additional closure is needed in this equation. However, in the vertical momentum
equation (9) for the plumes and the environment, the pressure term ai@pi

†=@z needs to be parameterized.
We can separate it into the GS pressure gradient ai@hp†i=@z that is computed by the GS model (and contrib-
utes to GS acceleration), and a SGS pressure perturbation term.

The SGS pressure perturbation term for a plume is usually formulated as the sum of a virtual mass term
and a drag term (e.g., Bretherton et al., 2004), both of which generally reduce the buoyant acceleration
of the plume. The virtual mass term represents the reduction of a plume’s effective buoyancy due to its
mechanical pushing on and pulling of the environment (Simpson & Wiggert, 1969). As a rough approxi-
mation, we assume that it is proportional to the buoyancy acceleration, as it is in simple geometries
such as a buoyant sphere (Odar & Hamilton, 1964; Romps & Kuang, 2010b; Turner, 1963). We further
assume that the drag only occurs between the plume and the environment (no plume-plume interac-
tions), and that it is quadratic in updraft velocity (Romps & Charn, 2015; Simpson & Wiggert, 1969). For
dimensional reasons, it also needs to be inversely proportional to a length scale, for which the plume
radius is natural. This leads to
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Key ingredients of new scheme

• Can represent all SGS turbulent motion in unified manner, 
from boundary-layer turbulence to deep convection 

• Explicit time dependence and SGS memory: essential at 
short time steps/high resolution 

• Closes second moments (e.g., TKE) consistently with drafts 

• Has variable draft fraction, with prognostic equation for area 
fraction (needed for resolution adaptivity) 

• Can be viewed as representing PDFs through Gaussian 
plus N delta functions (Lappen and Randall 2001)

(Tan et al., JAMES 2018)



Couple EDMF scheme to probabilistic cloud 
scheme

Cloud fraction and liquid 
water assuming bivariate 
Gaussian G for SGS         
(Sommeria & Deardorff 1977):
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With simple closures, EDMF scheme works for Cu

Tan et al. JAMES, 2018

grid spacing between 10 and 100 m, and this sensitivity may be reduced further by modifying the prelimi-
nary closures discussed in section 3 to incorporate dependence on the vertical resolution. The SCM is inte-
grated for 6 hours with a time step of 30 s, and adaptive substepping is implemented for the prognostic
updraft equations. Large-scale subsidence tendencies are computed from the prescribed subsidence veloc-
ity using an upwind scheme.

4.3. BOMEX Results
Figure 2 shows the profiles of domain-mean liquid water potential temperature and total water vapor spe-
cific humidity, hhli and hqti. The prognostic EDMF scheme reproduces the mean profiles simulated by LES
reasonably well, albeit with some deficiencies. The prognostic EDMF scheme’s subcloud layer is deeper,
drier, and warmer than that in the LES; its cloud layer is cooler and moister. The height of the inversion layer
is generally consistent with the LES. The diagnostic EDMF scheme produces similar mean profiles as the
prognostic EDMF scheme.

Consistent with the similarities in the domain-mean profiles of hhli and hqti, the prognostic and diagnos-
tic EDMF schemes produce similar profiles of domain-mean liquid water specific humidity, hqli (Figure
3a). Both the amount of liquid water and the extent of the cloud layer are similar. Environmental

Figure 2. Domain-mean liquid water potential (a) temperature and (b) humidity profiles in BOMEX simulation. (a) Liquid
water potential temperature hhli. (b) Total water specific humidity hqti. Both are averages of BOMEX simulations averaged
over the sixth hour. Results are obtained with the prognostic EDMF scheme (blue), the diagnostic EDMF scheme (orange),
and LES (black). The gray shading shows the plus/minus one standard deviation range of LES models that participated in
the intercomparison by Siebesma et al. (2003).

Figure 3. Domain-mean liquid water-specific humidity and TKE profiles in BOMEX simulation. (a) Liquid water specific
humidity hqli. (b) Total TKE hei. Plotting conventions as in Figure 2.
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cloudiness is neglected by the EDMF schemes, so their similar predictions of hqli reflect similar updraft
area fractions and similar updraft thermodynamic properties (in particular, the extent to which entrain-
ment causes deviations from an adiabatic liquid water profile). The discrepancy between the implicit LES
with high-order WENO schemes and the Siebesma et al. (2003) model intercomparison ensemble in

Figure 4. Updraft profiles in BOMEX simulation. (a) Updraft area fraction a1. (b) Updraft velocity w 1. (c) Updraft mass flux
m1. (d) Updraft liquid water-specific humidity ql;1. Plotting conventions as in Figure 2. LES updraft profiles are obtained
using cloud conditional sampling as in Siebesma et al. (2003). Cloudy and clear portions of the EDMF-predicted updraft
profiles are indicated by solid and dashed lines, respectively.

Figure 5. Domain-mean vertical fluxes of conserved variables in BOMEX simulation. (a) Flux of liquid water potential tem-
perature hl. (b) Flux of total water-specific humidity qt. Plotting conventions as in Figure 2.
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A more challenging test: convective lifecycles 
(oscillating BOMEX)

LES liquid water

EDMF liquid water

Liquid water path

Surface fluxes

Figure 3a arises because the combined numerical and SGS model dissipation is weaker with implicit LES
than with the explicit SGS schemes used in the intercomparison ensemble (Pressel et al., 2017). We have
verified that hqli simulated by PyCLES can be brought within the intercomparison range by including a
Smagorinsky SGS closure (Pressel et al., 2015).

The updraft properties are also similar between the prognostic and diagnostic EDMF schemes. Com-
pared to LES, the updraft of the EDMF schemes has a lower area fraction (Figure 4a), a higher updraft
velocity (Figure 4b), a larger updraft mass flux (Figure 4c), and a much higher in-cloud liquid water spe-
cific humidity (Figure 4d). However, the EDMF updraft penetrates to a similar height as that of the LES.
These biases can likely be reduced with further optimization of the EDMF parameters. Above 1:4 km, a
prominent cloud-top peak in hqli occurs in the EDMF scheme (Figure 3a), which results from an
increase in the updraft area fraction as the updraft rapidly decelerates where it approaches its termina-
tion height; the hqli profile in the LES is much smoother and extends higher. This suggests that the closure
for the dynamical detrainment in the EDMF scheme needs to be improved. Also, this portion of the cloud

Figure 6. Time evolution of clouds and forcing in life cycle simulations. Domain-mean liquid water specific humidity
hqli in (a) LES, (b) prognostic EDMF scheme, and (c) diagnostic EDMF scheme. Contours are plotted at 0.0005, 0.001, 0.003,
and then in intervals of 0.003 up to 0:039 g kg21. The plots on the right show 6 h mean profiles of the liquid water-
specific humidity. The dashed black lines in Figures 6b and 6c show the LES profile of (a) for comparison. (d) Liquid water
path (LWP) as a function of time in LES (black), prognostic EDMF scheme (blue), and diagnostic EDMF scheme (orange).
(e) Sensible (red) and latent (green) heat fluxes at the surface that are imposed as forcing.
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Figure 3a arises because the combined numerical and SGS model dissipation is weaker with implicit LES
than with the explicit SGS schemes used in the intercomparison ensemble (Pressel et al., 2017). We have
verified that hqli simulated by PyCLES can be brought within the intercomparison range by including a
Smagorinsky SGS closure (Pressel et al., 2015).

The updraft properties are also similar between the prognostic and diagnostic EDMF schemes. Com-
pared to LES, the updraft of the EDMF schemes has a lower area fraction (Figure 4a), a higher updraft
velocity (Figure 4b), a larger updraft mass flux (Figure 4c), and a much higher in-cloud liquid water spe-
cific humidity (Figure 4d). However, the EDMF updraft penetrates to a similar height as that of the LES.
These biases can likely be reduced with further optimization of the EDMF parameters. Above 1:4 km, a
prominent cloud-top peak in hqli occurs in the EDMF scheme (Figure 3a), which results from an
increase in the updraft area fraction as the updraft rapidly decelerates where it approaches its termina-
tion height; the hqli profile in the LES is much smoother and extends higher. This suggests that the closure
for the dynamical detrainment in the EDMF scheme needs to be improved. Also, this portion of the cloud

Figure 6. Time evolution of clouds and forcing in life cycle simulations. Domain-mean liquid water specific humidity
hqli in (a) LES, (b) prognostic EDMF scheme, and (c) diagnostic EDMF scheme. Contours are plotted at 0.0005, 0.001, 0.003,
and then in intervals of 0.003 up to 0:039 g kg21. The plots on the right show 6 h mean profiles of the liquid water-
specific humidity. The dashed black lines in Figures 6b and 6c show the LES profile of (a) for comparison. (d) Liquid water
path (LWP) as a function of time in LES (black), prognostic EDMF scheme (blue), and diagnostic EDMF scheme (orange).
(e) Sensible (red) and latent (green) heat fluxes at the surface that are imposed as forcing.
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Increasing number of updrafts increases accuracy

LES liquid water

EDMF N=1

EDMF N=8

Yair Cohen



EDMF scheme can also simulate deep convection 
(TRMM LBA)

Updraft velocity

LES 

EDMF

Yair Cohen



The new unified EDMF scheme…

• is prognostic (essential in gray zone) 

• can simulate range of motion from boundary layer 
turbulence to deep convection 

• reduces number of tunable parameters relative to the 
plethora of parameters in traditional schemes (for BL 
turbulence, shallow convection, deep convection) 

• is scale adaptive (e.g., number of plumes can depend on 
grid size)



We are nearly done developing the structure of the scheme; 
next step is automated learning of closure parameters

• Learning by minimizing least-squares objective function  

• Moment vector f=(LWP, CF, qt, ql) 

• Posterior PDF with MCMC (e.g., entrainment timescale)
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Ongoing work: physics-informed machine learning

• Model closure parameters as a flexible functions  of all 
possible nondimensional groups 

• E.g., entrainment rate 

• Estimate functions g as parametric (or even non-
parametric) functions from data 

• Data right now are a library of LES simulations driven by 
GCM output. Observational data later.
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Broader vision: DA/machine learning can help 
improve unsatisfying closure parameter estimation

• Currently, climate models use global mean of TOA 
radiative balance and surface temperature in “tuning” 

• More detailed space-based observations (CloudSat, 
CALIPSO etc.) are mostly used for model evaluation 

• High-resolution simulations (LES) used only for specific 
regions/times, not broadly sampling globe 

• Instead: use available observations and targeted 
high-resolution simulations in a climate model that 
learns automatically from data



Earth System Modeling 2.0: Toward Learning 
Models

• Build models that learn adaptively from observations 
(especially space-based) and high-resolution simulations 
nested in “supercolumns” 

• A model that is aware of its uncertainties can target 
supercolumn LES to reduce uncertainties where needed 
(similar to targeted observations in NWP) 

• Integrate data and nested high-resolution simulations  
from the outset in a learning environment (ideally, for all 
relevant processes)



Goal is a hierarchical system that integrates data and 
models (and can also be used to design observing systems)

Le

arn
ing

Learning

Learning

Observing SystemOb
se

rvi
ng

 Syste
m

Driving

SimulationTa
rge

ting



NATURE CLIMATE CHANGE | VOL 7 | JANUARY 2017 | www.nature.com/natureclimatechange 3

opinion & comment

COMMENTARY:

Climate goals and computing 
the future of clouds
Tapio Schneider, João Teixeira, Christopher S. Bretherton, Florent Brient, Kyle G. Pressel, Christoph Schär 
and A. Pier Siebesma

How clouds respond to warming remains the greatest source of uncertainty in climate projections. Improved 
computational and observational tools can reduce this uncertainty. Here we discuss the need for research 
focusing on high-resolution atmosphere models and the representation of clouds and turbulence within them.

In the 2015 Paris Agreement1, 
193 countries agreed to holding 
“the increase in the global average 

temperature to well below 2 °C above 
pre-industrial levels … to reduce the risks 
and impacts of climate change”. Currently, 
the carbon dioxide concentration in the 
atmosphere stands at 404 ppm. This is 
120 ppm higher than in pre-industrial 
times, and Earth has already warmed 
1 °C since then2. How much higher can 
the concentration of CO2 and other 
greenhouse gases rise before the 2 °C 
threshold is crossed? The answer to this 
crucial question is uncertain. Depending 
on which, if any, climate model one 
trusts, CO2 concentrations could reach 
between 470 and 600 ppm before the 2 °C 
warming threshold is crossed (Fig. 1a). 
Or, translated into time by assuming CO2 
concentrations continue to rise rapidly3, 
the 2 °C threshold may be crossed by the 
late 2030s, or much later at around 2060 
(Fig. 1a, right axis). Optimal emission 
pathways differ vastly between allowable 
CO2 concentrations at the high or low end 
of this spectrum. 

A number of factors contribute to 
the spread of projections, including 
uncertainties about how much heat oceans 
take up and how anthropogenic aerosols 
affect climate. But the bulk of the spread 
can be traced to the equilibrium climate 
sensitivity, ECS (Fig. 1a). ECS is the global 
surface temperature increase that results 
after CO2 concentrations have doubled 
and the climate system has equilibrated to 
this one perturbation4. Because regional 
changes, for example in temperature or 
precipitation extremes, scale with global 
surface temperature5, ECS also measures 
how strongly rising CO2 concentrations 

impact regional climate. ECSs of current 
climate models are scattered between 2 and 
5 K. This wide range of ECS has neither 
shifted nor narrowed substantially since 
the first comprehensive climate change 

assessment4,6 by the US National Academy 
of Sciences in 1979.

What lies behind the recalcitrant ECS 
uncertainty are primarily uncertainties 
about how clouds respond to warming, 
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Figure 1 | Dependence of climate goals on equilibrium climate sensitivity (ECS) and of ECS on low-cloud 
feedback. a, Allowable CO2 concentration before 2 °C warming threshold is crossed versus ECS. The 
bottom axes displays 1/ECS, the left axes the allowable CO2 concentration, and the right axes the year 
when the 2 °C threshold is crossed (correlation coefficient r = 0.89). Each circle represents a climate 
model, numbered and coloured in order of increasing ECS (ref. 9). The horizontal axis is expressed as 
1/ECS because temperature changes ΔT and concentration changes ΔCO2 are to first order related by 
ΔT ∝ ECS × ΔCO2, so one expects ΔCO2 ∝ 1/ECS for fixed ΔT. The allowable CO2 concentration for 
each model is determined from a high-emission scenario simulation3 as the concentration when the 
5-year low-pass filtered global mean surface temperature rises 1.19 °C above the model’s average for 
2006–2015 (ref. 4). The 1.19 °C represents what remains of the 2 °C target because global mean surface 
temperatures2 have increased by 0.81 °C from 1861–1880 to 2006–2015. Allowable CO2 concentrations 
depend only weakly on the emission scenario considered (provided the 2 °C threshold is crossed in a 
scenario); however, the corresponding time when the 2 °C threshold is crossed (right axis) does depend 
on the emission scenario. Additional uncertainties would arise when one tries to convert allowable CO2 
concentrations into allowable emissions because it is uncertain how much of the emitted carbon dioxide 
will remain airborne. b, ECS versus changes in the amount of sunlight reflected by low clouds over 
tropical oceans9 (r = 0.73). A reduced reflection under warming (negative values) implies an amplifying 
feedback by tropical low clouds on the warming; an increased reflectance implies a damping feedback 
by tropical low clouds.
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Abstract Climate projections continue to be marred by large uncertainties, which originate in processes
that need to be parameterized, such as clouds, convection, and ecosystems. But rapid progress is now
within reach. New computational tools and methods from data assimilation and machine learning make it
possible to integrate global observations and local high-resolution simulations in an Earth system model
(ESM) that systematically learns from both and quantifies uncertainties. Here we propose a blueprint for
such an ESM. We outline how parameterization schemes can learn from global observations and targeted
high-resolution simulations, for example, of clouds and convection, through matching low-order statistics
between ESMs, observations, and high-resolution simulations. We illustrate learning algorithms for ESMs
with a simple dynamical system that shares characteristics of the climate system; and we discuss the
opportunities the proposed framework presents and the challenges that remain to realize it.

1. Introduction

Climate models are built around models of the atmosphere, which are based on the laws of thermodynam-
ics and on Newton’s laws of motion for air as a fluid. Since they were first developed in the 1960s (Kasahara
& Washington, 1967, Manabe et al., 1965; Mintz, 1965; Smagorinsky, 1963, 1965), they have evolved from
atmosphere-only models, via coupled atmosphere-ocean models with dynamic oceans, to Earth system mod-
els (ESMs) with dynamic cryospheres and biogeochemical cycles (Bretherton et al., 2012; Intergovernmental
Panel on Climate Change, 2013). Atmosphere and ocean models compute approximate numerical solutions
to the laws of fluid dynamics and thermodynamics on a computational grid. For the atmosphere, the com-
putational grid currently consists of O(107) cells, spaced O(10 km)–O(100 km) apart in the horizontal; for the
oceans, the grid consists of O(108) cells, spaced O(10 km) apart in the horizontal. But scales smaller than the
mesh size of a climate model cannot be resolved yet are essential for its predictive capabilities. The unresolved
scales are modeled by a variety of semiempirical parameterization schemes, which represent the dynamics on
subgrid scales as parametric functions of the resolved dynamics on the computational grid (Stensrud, 2007).
For example, the dynamical scales of stratocumulus clouds, the most common type of boundary layer clouds,
are O(10 m) and smaller, which will remain unresolvable on the computational grid of global atmosphere
models for the foreseeable future (Wood, 2012; Schneider et al., 2017). Similarly, the submesoscale dynam-
ics of oceans that may be important for biological processes near the surface have length scales of O(100 m),
which will also remain unresolvable for the foreseeable future (Fox-Kemper et al., 2014). Such smaller-scale
dynamics in the atmosphere and oceans must be represented in climate models through parameterization
schemes. Additionally, ESMs contain parameterization schemes for many processes for which the governing
equations are not known or are only poorly known, for example, ecological or biogeochemical processes.

All of these parameterization schemes contain parameters that are uncertain, and the structure of the
equations underlying them is uncertain itself. That is, there is parametric and structural uncertainty (Draper,
1995). For example, entrainment and detrainment rates are parameters or parametric functions of state vari-
ables such as the vertical velocity of updrafts. They control the interaction of convective clouds with their
environment and affect cloud properties and climate. But how they depend on state variables is uncertain, as
is the structure of the closure equations in which they appear (e.g., de Rooy et al., 2013; Holloway & Nee, 2009;
Neelin et al., 2009; Nie & Kuang, 2012; Romps & Kuang, 2010; Stainforth et al., 2005). Or, as another example,
the residence times of carbon in different reservoirs (e.g., soil, litter, and plants) control how rapidly and where
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opinion & comment

COMMENTARY:

Climate goals and computing 
the future of clouds
Tapio Schneider, João Teixeira, Christopher S. Bretherton, Florent Brient, Kyle G. Pressel, Christoph Schär 
and A. Pier Siebesma

How clouds respond to warming remains the greatest source of uncertainty in climate projections. Improved 
computational and observational tools can reduce this uncertainty. Here we discuss the need for research 
focusing on high-resolution atmosphere models and the representation of clouds and turbulence within them.

In the 2015 Paris Agreement1, 
193 countries agreed to holding 
“the increase in the global average 

temperature to well below 2 °C above 
pre-industrial levels … to reduce the risks 
and impacts of climate change”. Currently, 
the carbon dioxide concentration in the 
atmosphere stands at 404 ppm. This is 
120 ppm higher than in pre-industrial 
times, and Earth has already warmed 
1 °C since then2. How much higher can 
the concentration of CO2 and other 
greenhouse gases rise before the 2 °C 
threshold is crossed? The answer to this 
crucial question is uncertain. Depending 
on which, if any, climate model one 
trusts, CO2 concentrations could reach 
between 470 and 600 ppm before the 2 °C 
warming threshold is crossed (Fig. 1a). 
Or, translated into time by assuming CO2 
concentrations continue to rise rapidly3, 
the 2 °C threshold may be crossed by the 
late 2030s, or much later at around 2060 
(Fig. 1a, right axis). Optimal emission 
pathways differ vastly between allowable 
CO2 concentrations at the high or low end 
of this spectrum. 

A number of factors contribute to 
the spread of projections, including 
uncertainties about how much heat oceans 
take up and how anthropogenic aerosols 
affect climate. But the bulk of the spread 
can be traced to the equilibrium climate 
sensitivity, ECS (Fig. 1a). ECS is the global 
surface temperature increase that results 
after CO2 concentrations have doubled 
and the climate system has equilibrated to 
this one perturbation4. Because regional 
changes, for example in temperature or 
precipitation extremes, scale with global 
surface temperature5, ECS also measures 
how strongly rising CO2 concentrations 

impact regional climate. ECSs of current 
climate models are scattered between 2 and 
5 K. This wide range of ECS has neither 
shifted nor narrowed substantially since 
the first comprehensive climate change 

assessment4,6 by the US National Academy 
of Sciences in 1979.

What lies behind the recalcitrant ECS 
uncertainty are primarily uncertainties 
about how clouds respond to warming, 

1 2
345

6 7 89 1011 12

13
1415 1617

1819
20

2122 242526 27

2829

–1 0
2

3

4

5

Low-cloud reflectance change (% K–1)

EC
S 

(K
)

–0.5  0.5

Amplifying
feedback

Damping
feedback

3

4
5

6
7

89
10
11

1213
14

15

1618

19

20

21

22

23242526
272829

1/5 1/4 1/3 1/2

500

550

600

1/ECS (K–1)

 A
llo

w
ab

le
 C

O
2 c

on
ce

nt
ra

tio
n 

(p
pm

)
Higher ECS Lower ECS 

2042

2051

2060 Year of crossing 2 °C threshold

a b

2 1

Figure 1 | Dependence of climate goals on equilibrium climate sensitivity (ECS) and of ECS on low-cloud 
feedback. a, Allowable CO2 concentration before 2 °C warming threshold is crossed versus ECS. The 
bottom axes displays 1/ECS, the left axes the allowable CO2 concentration, and the right axes the year 
when the 2 °C threshold is crossed (correlation coefficient r = 0.89). Each circle represents a climate 
model, numbered and coloured in order of increasing ECS (ref. 9). The horizontal axis is expressed as 
1/ECS because temperature changes ΔT and concentration changes ΔCO2 are to first order related by 
ΔT ∝ ECS × ΔCO2, so one expects ΔCO2 ∝ 1/ECS for fixed ΔT. The allowable CO2 concentration for 
each model is determined from a high-emission scenario simulation3 as the concentration when the 
5-year low-pass filtered global mean surface temperature rises 1.19 °C above the model’s average for 
2006–2015 (ref. 4). The 1.19 °C represents what remains of the 2 °C target because global mean surface 
temperatures2 have increased by 0.81 °C from 1861–1880 to 2006–2015. Allowable CO2 concentrations 
depend only weakly on the emission scenario considered (provided the 2 °C threshold is crossed in a 
scenario); however, the corresponding time when the 2 °C threshold is crossed (right axis) does depend 
on the emission scenario. Additional uncertainties would arise when one tries to convert allowable CO2 
concentrations into allowable emissions because it is uncertain how much of the emitted carbon dioxide 
will remain airborne. b, ECS versus changes in the amount of sunlight reflected by low clouds over 
tropical oceans9 (r = 0.73). A reduced reflection under warming (negative values) implies an amplifying 
feedback by tropical low clouds on the warming; an increased reflectance implies a damping feedback 
by tropical low clouds.
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Abstract Climate projections continue to be marred by large uncertainties, which originate in processes
that need to be parameterized, such as clouds, convection, and ecosystems. But rapid progress is now
within reach. New computational tools and methods from data assimilation and machine learning make it
possible to integrate global observations and local high-resolution simulations in an Earth system model
(ESM) that systematically learns from both and quantifies uncertainties. Here we propose a blueprint for
such an ESM. We outline how parameterization schemes can learn from global observations and targeted
high-resolution simulations, for example, of clouds and convection, through matching low-order statistics
between ESMs, observations, and high-resolution simulations. We illustrate learning algorithms for ESMs
with a simple dynamical system that shares characteristics of the climate system; and we discuss the
opportunities the proposed framework presents and the challenges that remain to realize it.

1. Introduction

Climate models are built around models of the atmosphere, which are based on the laws of thermodynam-
ics and on Newton’s laws of motion for air as a fluid. Since they were first developed in the 1960s (Kasahara
& Washington, 1967, Manabe et al., 1965; Mintz, 1965; Smagorinsky, 1963, 1965), they have evolved from
atmosphere-only models, via coupled atmosphere-ocean models with dynamic oceans, to Earth system mod-
els (ESMs) with dynamic cryospheres and biogeochemical cycles (Bretherton et al., 2012; Intergovernmental
Panel on Climate Change, 2013). Atmosphere and ocean models compute approximate numerical solutions
to the laws of fluid dynamics and thermodynamics on a computational grid. For the atmosphere, the com-
putational grid currently consists of O(107) cells, spaced O(10 km)–O(100 km) apart in the horizontal; for the
oceans, the grid consists of O(108) cells, spaced O(10 km) apart in the horizontal. But scales smaller than the
mesh size of a climate model cannot be resolved yet are essential for its predictive capabilities. The unresolved
scales are modeled by a variety of semiempirical parameterization schemes, which represent the dynamics on
subgrid scales as parametric functions of the resolved dynamics on the computational grid (Stensrud, 2007).
For example, the dynamical scales of stratocumulus clouds, the most common type of boundary layer clouds,
are O(10 m) and smaller, which will remain unresolvable on the computational grid of global atmosphere
models for the foreseeable future (Wood, 2012; Schneider et al., 2017). Similarly, the submesoscale dynam-
ics of oceans that may be important for biological processes near the surface have length scales of O(100 m),
which will also remain unresolvable for the foreseeable future (Fox-Kemper et al., 2014). Such smaller-scale
dynamics in the atmosphere and oceans must be represented in climate models through parameterization
schemes. Additionally, ESMs contain parameterization schemes for many processes for which the governing
equations are not known or are only poorly known, for example, ecological or biogeochemical processes.

All of these parameterization schemes contain parameters that are uncertain, and the structure of the
equations underlying them is uncertain itself. That is, there is parametric and structural uncertainty (Draper,
1995). For example, entrainment and detrainment rates are parameters or parametric functions of state vari-
ables such as the vertical velocity of updrafts. They control the interaction of convective clouds with their
environment and affect cloud properties and climate. But how they depend on state variables is uncertain, as
is the structure of the closure equations in which they appear (e.g., de Rooy et al., 2013; Holloway & Nee, 2009;
Neelin et al., 2009; Nie & Kuang, 2012; Romps & Kuang, 2010; Stainforth et al., 2005). Or, as another example,
the residence times of carbon in different reservoirs (e.g., soil, litter, and plants) control how rapidly and where
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Summary

• Unified parameterization based on EDMF framework 
holds promise 

• can be made scale-aware 
• can adapt to data through adjusting parameters and 

number of plumes 
• captures convective life cycle 

• Parameterization can be improved through data 
assimilation and ML from LES and observations 

• This approach can (and should) be extended to other 
process models, ideally in a automatically learning ESM 


