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ABSTRACT: Earth’s climate has experienced periods of extreme warmth known as hothouse climates. In these states, sur-
face evaporation is almost entirely balanced by absorbed shortwave radiation. However, as atmospheric water vapor in-
creases, more shortwave radiation is absorbed within the atmosphere, reducing the energy available for evaporation.
Consequently, further warming can cause global-mean precipitation to decline, implying a global-mean precipitation maxi-
mum. Yet, this behavior has only been documented in a few climate models, leaving open questions about the precipitation
maximum and the surface temperature at which it occurs. Here, we present a simple physically based analytical model that
estimates the maximum global-mean precipitation in climate models by approximating components of the surface energy
budget using only temperature. The model identifies the temperature at which the sum of the net upward longwave and sur-
face sensible heat fluxes vanishes. This critical temperature is then used to estimate the absorbed shortwave flux, which is
mainly a function of total precipitable water and the Clausius–Clapeyron relationship. The model skillfully predicts the
global-mean precipitation maximum simulated by a climate model spanning different solar constants. When calibrated to a
suite of climate models, it reveals that the surface temperature at which precipitation peaks ranges from 300 to 360 K, with
corresponding peak rates between 2.9 and 5.8 mm day21. Intermodel differences in the precipitation maximum are attributed
to the shortwave cloud response to warming, with some contribution from the temperature at which precipitation peaks. This
work suggests that global-mean precipitation may have peaked in past hothouse climates and provides a framework for un-
derstanding the physics of extremely warm climates.

SIGNIFICANCE STATEMENT: Earth’s climate has experienced periods of extreme warmth during which little or
no ice was present. In these climate states, atmospheric water vapor continues to increase under warming, which en-
hances the absorption of sunlight within the atmosphere. This reduces the solar energy reaching the surface and avail-
able to drive evaporation, ultimately limiting global-mean rainfall to a maximum rate. We develop a simple model
that predicts the maximum rainfall in such climates using basic energy balance principles and surface temperature.
The simple model closely matches results from a suite of climate model simulations with different atmospheric carbon
dioxide concentrations and solar constants. Applying the simple model to a broader suite of climate models suggests
that the peak global average rainfall rate occurs between 300 and 360 K and reaches a maximum value between 2.9
and 5.8 mm day21. These findings clarify how Earth’s hydrological cycle behaves in extremely warm climates and pro-
vide a framework for understanding other features of warm climates.
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1. Introduction

Earth has experienced a wide range of climates throughout
its history. Over the past 500 million years, global-mean sur-
face temperatures have varied from approximately 288 K in
the present day to around 283 K during glacial periods over
the past 1 million years and up to approximately 310 K in the
Cretaceous, nearly 100 million years ago (Fig. 1; Hansen et al.
2013; Mills et al. 2019; Inglis et al. 2020; Valdes et al. 2021;
Wong et al. 2021; Scotese et al. 2021; Judd et al. 2024). Periods
of extreme warmth, such as those in the early Eocene, are often
referred to as hothouse climates (Steffen et al. 2018; Westerhold
et al. 2020). In the more distant past, during the Hadean and
Archean eons, global-mean surface temperatures may have been
even higher, reaching values between 320 and 358 K (Knauth
and Lowe 2003; Sleep 2010; Newton 2010). Understanding the

physical processes that govern hothouse climates is crucial
not only for unraveling Earth’s climate evolution and the cli-
mates of Earth-like exoplanets (Pierrehumbert 2010; Wolf
and Toon 2015) but also for providing insight into the phys-
ics of anthropogenic climate change (Tierney et al. 2020;
Zhu et al. 2024).

Although there is strong evidence for the existence of past
hothouse climates (e.g., Sleep 2010; Westerhold et al. 2020),
considerable uncertainty remains regarding their precise char-
acteristics, including the climate sensitivity (e.g., Colman and
McAvaney 2009; Caballero and Huber 2013), cloud cover
(e.g., Schneider et al. 2019; Salazar et al. 2025), and the atmo-
spheric hydrological cycle (e.g., Seeley and Wordsworth 2021;
Liu et al. 2024; Bonan et al. 2024). This uncertainty arises
largely because paleoclimate proxy data from these periods
are sparse and limited in both spatial and temporal coverages
(e.g., Scotese et al. 2021), making it difficult to constrain key
physical processes. Further uncertainty stems from the fact
that comprehensive climate models have not been extensivelyCorresponding author: David Bonan, dbonan@uw.edu
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tested under very high atmospheric carbon dioxide concen-
trations (Zhu et al. 2024). Nonetheless, climate models have
provided valuable insights into mechanisms governing state-
dependent climate sensitivity (Colman and McAvaney 2009;
Meraner et al. 2013; Kutzbach et al. 2013; Caballero and
Huber 2013; Wolf et al. 2018; Zhu et al. 2019; Zhu and Poulsen
2020; Henry et al. 2023; Eisenman and Armour 2024), polar
amplification (Williams and Merlis 2026), and poleward heat
transport (Caballero and Langen 2005). Yet, despite these ad-
vances, other physical processes in hothouse climates remain
poorly understood.

One such process is precipitation, which has received far
less attention even though, like climate sensitivity, it can be
constrained by atmospheric and surface energy budgets (e.g.,
Boer 1993; Allen and Ingram 2002; Stephens and Ellis
2008; Richter and Xie 2008; Lorenz et al. 2010; Previdi
2010; Pendergrass and Hartmann 2014; Siler et al. 2019) and is,
therefore, potentially state dependent. Recent studies, building
on work by O’Gorman and Schneider (2008), have shown that
global-mean precipitation increases approximately linearly
with surface temperature only up to a point, after which it
reaches a maximum and then declines with continued warming
(Bonan et al. 2024; Liu et al. 2024). Bonan et al. (2024) argue
that this behavior arises because, in the optically thick limit,
surface evaporation is almost entirely balanced by absorbed
shortwave radiation at the surface (as noted by O’Gorman
and Schneider 2008). As additional warming increases atmo-
spheric water vapor, a larger fraction of incoming solar radia-
tion is absorbed within the atmosphere, reducing the energy
available at the surface for evaporation and thereby limiting
global-mean precipitation. Additionally, Liu et al. (2024) argue

that the global-mean precipitation maximum is also shaped by
the existence of an upper limit on outgoing longwave emission.
To date, these results have been demonstrated in a limited set
of simulations, leaving open questions about whether other cli-
mate models, with vastly different components, exhibit similar
behavior and at what rate surface temperature global-mean pre-
cipitation reaches its maximum. Analytical arguments based on
both the atmospheric energy budget (e.g., Jeevanjee and Romps
2018; Cohen and Pincus 2025) and the surface energy budget
(e.g., Siler et al. 2019) also suggest that precipitation may peak in
hot climates; however, these arguments neglect the influence of
clouds and other processes that modulate radiative fluxes, which
could affect when or whether global-mean precipitation peaks.

In this study, we estimate the maximum global-mean precipi-
tation in hothouse climates by developing a simple analytical
model that emulates comprehensive climate model simulations
using only readily available output from preindustrial control
(piControl) and abrupt quadrupling of carbon dioxide (abrupt-
4xCO2) simulations. The simple analytical model identifies the
temperature at which the sum of the net upward longwave and
surface sensible heat fluxes vanishes. It then uses this critical
temperature to estimate the absorbed shortwave flux, which
is a function of total precipitable water and the Clausius–
Clapeyron relationship. We first demonstrate how global-
mean precipitation varies with surface temperature using a
unique set of comprehensive climate model experiments in
which both the prescribed solar constant and atmospheric
carbon dioxide concentration are varied. We then derive
and calibrate the simple analytical model against these sim-
ulations, showing that it skillfully predicts the maximum
global-mean precipitation. Calibrating the simple analytical
model to additional climate model simulations from the

FIG. 1. Global-mean surface temperature record. Estimates of global-mean surface temperature for the past 485 million years. The gray
dots indicate estimates from Hansen et al. (2013) which is based on the benthic foraminifera record from Zachos et al. (2008) and spans
65 million years. The orange dots indicate estimates from Judd et al. (2024) which is based on a combination of proxy data and climate
models and spans 485 million years. The orange error bars denote the lower and upper bound of time (x axis) and 5% and 95% confidence
intervals of global-mean surface temperature (y axis).
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Coupled Model Intercomparison Project phase 6 (CMIP6;
Eyring et al. 2016) suggests that the maximum global-mean
precipitation ranges between 2.9 and 5.8 mm day21 and occurs
between 300 and 360 K. These results indicate that global-
mean precipitation may have exhibited a maximum in past
hothouse climates and provide a framework for understanding
extremely warm climates.

2. Mean precipitation over a wide range of climates

We begin by examining global-mean precipitation from a
unique set of climate model simulations performed by Wolf
et al. (2018), covering a wide range of global-mean near-surface
air temperatures. The simulations employ a modified version of
the Community Atmosphere Model, version 4 (CAM4), with a
modern-day continental land distribution, coupled to a 50-m
slab-ocean model with a prescribed, seasonally varying “q flux”
that mimics present-day ocean heat transport. The model reso-
lution is 48 3 58 with 45 vertical levels, and the modified CAM4
uses a correlated-k radiative transfer scheme to better represent
extremely warm climates (Wolf and Toon 2013). A suite of sim-
ulations were conducted by varying the solar constant S0 to
0.75, 0.85, 1.0, and 1.1 times its present-day value, while also
substantially increasing or decreasing atmospheric carbon diox-
ide concentrations from the preindustrial level. These experi-
ments produced equilibrated climate states with global-mean
surface temperatures ranging from 240 to 380 K. Global-mean
precipitation in these simulations has been documented previ-
ously by Bonan et al. (2024) and Liu et al. (2024).

Figure 2 shows the global-mean (denoted by overbars) precipi-
tation P as a function of global-mean near-surface air tempera-
ture T in the CAM4 simulations. Across all solar constants, P

increases with T from cold (T ; 260 K) to warm (T ; 300 K)
climates, starting at approximately 1.0 mm day21 at 260 K and
reaching approximately 3 mm day21 at 300 K. For T . 300 K,
the simulations with different solar constants diverge markedly.
In the simulation with the smallest solar constant (0.750 3 S0),
P levels off at around 3.7 mm day21 and decreases with further
warming beyond T . 328 K (blue line, Fig. 2). In contrast, in
the simulation with the largest solar constant (1.100 3 S0), P
levels off at approximately 5.1 mm day21 and decreases only
for T . 338 K (teal line, Fig. 2). The similarity in the increase
of P from cold to warm climates across simulations with differ-
ent solar constants, alongside the divergence observed in hot-
house climates, is consistent with the sensitivity of evaporation
to warming (e.g., Siler et al. 2019). From cold to warm climates,
the rise in P can be related to the thermodynamic response of
E to surface warming. In hothouse climates, however, the
thermodynamic response of E to surface warming saturates,
and E becomes increasingly controlled by radiative fluxes,
which vary substantially across the simulations.

To investigate the processes that determine the structure of
P as a function of T , we examine the global-mean surface en-
ergy budget. We adopt this perspective because it directly di-
agnoses the energy available for evaporation, which, on long
time scales and in the global mean, is equivalent to precipita-
tion. Although the atmospheric energy budget provides an
equivalent description of the energetic constraints on precipi-
tation through atmospheric radiative cooling (Pendergrass
and Hartmann 2014; Jeevanjee and Romps 2018), the two
perspectives are linked through the surface energy fluxes. The
surface energy budget is particularly useful because the maxi-
mum precipitation rate emerges from the behavior of the indi-
vidual surface energy fluxes, whose temperature dependence can
be diagnosed and represented analytically (e.g., Siler et al. 2019).
In equilibrium, the surface energy budget can be written as

0 5 S 2 L 2 LyE 2 H , (1)

where S is the absorbed shortwave flux, L is the net upward
longwave flux, E is the surface evaporation flux, Ly is the latent
heat of vaporization, and H is the sensible heat flux from the
surface into the atmosphere. On interannual and longer time
scales, E equals P, yielding

LyP ; LyE 5 S 2 L 2 H: (2)

Figure 3 shows S, L, and H (converted from watts per
square meter to millimeters per day) for the CAM4 simulations.
From cold to warm climates, S changes only modestly, with a
systematic offset reflecting the imposed solar constant (Fig. 3a).
In contrast, as T increases, bothL andH approach zero, with rel-
atively little spread across simulations (Figs. 3b,c). A slight offset
in L is evident in the value of T at which L 5 0, occurring at ap-
proximately 320 K in the 0.7503 S0 simulation and around 340 K
in the 1.1003 S0 simulation (cf. blue and teal lines, Fig. 3b).

For T . 320, L and H are approximately zero or slightly
positive (Figs. 3b,c). This occurs because surface and tropo-
spheric air temperatures converge, and the atmosphere ap-
proaches the optically thick limit, where longwave emission

FIG. 2. Global-mean precipitation across a range of climates.
Global-mean precipitation (P) as a function of global-mean near-
surface air temperature (T ) for the simulations performed by Wolf
et al. (2018) with a present-day solar constant scaled by factors of
0.750 (blue), 0.875 (purple), 1.000 (yellow), and 1.100 (teal).
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from the surface and downward emission from the atmosphere
occur at nearly the same temperature. As a result, the net long-
wave flux becomes small and saturates. Meanwhile, shortwave
absorption continues to increase with atmospheric mass and
composition changes, so the imbalance that must be closed by
turbulent fluxes does not scale in a way that would allow large
sustained growth of the downward longwave and sensible heat
contributions. The slightly positive values of L and H result
from the formation of strong temperature inversions (e.g., Liu
et al. 2025). In this regime,H becomes small relative to LyE, as
quantified by the Bowen ratio (Pierrehumbert 2002; O’Gorman
and Schneider 2008; Bonan et al. 2024). As a result, LyE, and
thus, LyP is almost entirely balanced by S, which declines
sharply in extremely hot (T . 320) climates (Fig. 3a). The re-
duction in S arises from enhanced atmospheric shortwave ab-
sorption by water vapor and is reflected in the decrease of the
clear-sky component of shortwave radiation at the surface
(Bonan et al. 2024; Liu et al. 2024).

The above results indicate a maximum mean precipitation
Pmax which occurs at the temperature where dP/dT 5 0.
From the surface energy budget, this condition is equivalent
to dS/dT 5 dL/dT 1 dH/dT . We denote the temperature sat-
isfying this condition as T*. Figure 4 shows both T* and the
corresponding Pmax for each simulation, determined by line-
arly interpolating to the point where dP/dT 5 0 after applying
finite forward differencing. As shown in Fig. 4a, T* tends to
increase with the solar constant: For the smallest solar cons-
tant (0.750 3 S0), T

* is approximately 321 K, and for the larg-
est solar constant (1.100 3 S0), T

* is approximately 330 K.
The corresponding Pmax also increases with the solar constant
(Fig. 4b), from approximately 3.7 mm day21 at 0.750 3 S0 to
about 5.1 mm day21 at 1.1003 S0. Notably, variations in Pmax
are consistent with the corresponding variations in S as both
L and H are close to zero (Fig. 4c). This suggests that the
maximum of P is related to S, implying that S in the limit
L 1H " 0 can provide an estimate of the maximum P.

FIG. 3. Components of the global-mean surface energy budget over a wide range of climates. The global-mean (a) absorbed shortwave
flux (S), (b) net upward longwave flux (L), and (c) surface sensible heat flux (H) as a function of global-mean near-surface air temperature
(T ) for the simulations performed by Wolf et al. (2018) with a present-day solar constant scaled by factors of 0.750 (blue), 0.875 (purple),
1.000 (yellow), and 1.100 (teal). Note watts per square meter has been converted to millimeters per day.

FIG. 4. Maximum mean precipitation in hothouse climates simulated with CAM4. (a) The global-mean near-surface air temperature at
which dP/dT 5 0 (i.e., T

*
), (b) the corresponding rate of global-mean precipitation (i.e., Pmax), and (c) the corresponding components of

the global-mean surface energy budget (S, L, and H). Results are shown for simulations performed by Wolf et al. (2018) with a present-
day solar constant scaled by factors of 0.750 (blue), 0.875 (purple), 1.000 (yellow), and 1.100 (teal).
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3. A simple analytical model for estimating the
maximum mean precipitation

The presence of Pmax in the CAM4 simulations raises the
question of whether this behavior is robust across climate mod-
els. In CAM4, under present-day solar conditions, Pmax occurs
at approximately T 5 330K and has a value of approximately 5
mm day21, but it remains unclear whether other climate models
exhibit a similar maximum and, if so, whether it occurs at a simi-
lar temperature. However, most climate model simulations do
not span a wide enough range of T to investigate this phenome-
non. Additionally, existing climate model simulations indicate
that P may decrease at lower values of T and exhibit a lower
maximum rate when compared to the CAM4 simulations (e.g.,
Bonan et al. 2024), implying a large intermodel spread that
must be accounted for. To address these limitations, in the fol-
lowing sections, we develop a simple physically motivated ana-
lytical model that can be calibrated with climate model output
or observations to estimate Pmax.

The analytical model estimates Pmax by expressing compo-
nents of the global-mean surface energy budget as functions
of T . It is based on the assumption that Pmax occurs at the
temperature T* where L 1H " 0, which is approximately
where dS/dT 5 dL/dT 1 dH/dT (Fig. 4). We begin by rewrit-
ing Eq. (2) as

LyP ; LyE 5 S 2 F , (3)

where F 5 L 1H . In the following two subsections, we de-
velop expressions to approximate S and F as functions of T
alone. Our goal is to derive expressions that can be readily
calibrated to existing climate model simulations or observa-
tions, enabling physically informed estimates of these fluxes.

a. Absorbed shortwave flux

To express S as a function of T , we begin by partitioning it
into clear-sky (clr) and cloud (cld) surface components:

S 5 Sclr 1 Scld: (4)

The clear-sky component can be written in terms of the
downward clear-sky shortwave flux, S

_
clr, as

Sclr 5 (1 2 a)S_
clr, (5)

where the clear-sky surface albedo a is defined as

a 5
S
↑
clr

S
_
clr

, (6)

and S
↑
clr is the upward clear-sky shortwave flux at the surface.

In the hothouse climates simulated by CAM4, a remains
nearly constant due to the absence of snow and ice and is,
therefore, largely determined by the open ocean surface. Ac-
cordingly, we set a 5 0.07 for estimates of the maximum
global-mean precipitation in hothouse climates.

To account for shortwave absorption by water vapor in the
atmospheric column, we first express S

_
clr as the difference be-

tween the top-of-the-atmosphere flux and the amount ab-
sorbed in the atmosphere:

S
_
clr 5 S

_
toa 2 S

_
clr,atm: (7)

Here, S
_
toa is the downward shortwave flux at the top of the

atmosphere, which is proportional to the solar constant S0.
Because S

_
toa varies in the CAM4 simulations, we write

S
_
toa 5 g

S0
4
, (8)

where g is a dimensionless scaling factor (0.750, 0.875, 1.000,
1.100) defined to scale the solar constant as described in Wolf
and Toon (2015) and the 1/4 factor accounts for the spherical
geometry of Earth. Following Fildier and Collins (2015), we
approximate the absorption of downward shortwave radiation
under clear-sky conditions in the atmosphere, S

_
clr;atm, as

S
_
clr,atm ’ hgS0 m 1 2 exp 2

t

m

{ }( )
, (9)

where h is an empirical correction factor representing the
maximum fraction of incoming radiation that can be ab-
sorbed, gS0 is a source term, m is the cosine of the solar zenith
angle, and t is the global-mean optical depth. For the global
mean, we take m 5 1/2, corresponding to a mean solar zenith
angle of 608. The optical depth is assumed to depend on total
precipitable water W and a baseline term t1 that accounts for
nonwater vapor absorbers:

t 5 kW 1 t1, (10)

where k is an effective extinction coefficient for water vapor
(Merlis and Schneider 2010; Fildier and Collins 2015). To ex-
press S

_
clr;atm as a function of T , we invoke a simplified form of

the Clausius–Clapeyron relationship with constant Ly, result-
ing inW to take the form of

W(T) 5 Wcexp 2
Ly

Ry

1
T

2
1
Tc

( ){ }
, (11)

where Wc is the total precipitable water at the control tempera-
ture Tc and Ry is the specific gas constant for water vapor. Pre-
vious work has shown that W follows the Clausius–Clapeyron
relationship over a wide range of climates (Bonan et al. 2024).

Substituting Eqs. (7)–(11) into Eq. (5) yields a temperature-
dependent expression for the global-mean clear-sky shortwave
flux at the surface:

Ŝclr(T ) 5 (1 2 a)gS0
1
4
2 hm 1 2 exp 2

kW(T) 1 t1
m

[ ]{ }( )
: (12)

Note that this is an estimate of S and is, therefore, denoted
using the hat accent. Because there is no simple physically
based approximation for the net surface shortwave cloud radia-
tive effect, we instead represent it using a linear fit:

Ŝcld(T) 5 aS
cld 1 bS

cld(T 2 Tc): (13)

Here, aS
cld is the intercept, which specifies the net surface short-

wave cloud radiative effect at the reference temperature Tc,
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and bS
cld is the linear sensitivity of this effect to changes in T .

Previous work has shown that the surface shortwave cloud radi-
ative effect in CAM4 is approximately linear over a wide
range of surface temperatures (Bonan et al. 2024). However,
other studies have found that low-level cloud responses to
warming can be nonlinear (Caballero and Huber 2013;
Schneider et al. 2019). Figure A1 in appendix A evaluates the
ability of this approximation to reproduce Scld in the CAM4
simulations, and its limitations are discussed further in section
4a. Together, Eqs. (12) and (13) can be combined with Eq. (4)
to provide a simple analytical model for S as a function of T
alone, resulting in

Ŝ(T) 5 (1 2 a)gS0
1
4
2 hm 1 2 exp 2

kW(T) 1 t1
m

[ ]{ }( )

1 aS
cld 1 bS

cld(T 2 Tc): (14)

b. Net upward longwave and surface sensible heat fluxes

To express F as a function of T and account for the saturation
of F at both extremely low and high values of T (Figs. 3b,c), we
propose the following general form:

F̂ (T) 5 Fc 1 DF tanh
T 2 TF

DT

( )
, (15)

where Fc represents the central or reference value of net up-
ward longwave and surface sensible heat fluxes about which the
temperature-dependent variations occur. The parameter DF

sets the magnitude of the flux change between cold and warm
climate states and, therefore, controls the strength of the net up-
ward longwave and surface sensible heat fluxes response to
warming. The parameter TF denotes a characteristic transition
temperature at which the sensitivity of F to T is greatest, physi-
cally corresponding to the climate state where changes in atmo-
spheric opacity and surface emission most strongly alter the net
upward longwave and surface sensible heat fluxes. Finally, DT

determines the temperature range over which this transition

occurs, such that smaller values correspond to a sharper transi-
tion between cold and warm regimes, while larger values imply
a more gradual shift in radiative behavior across climates. To
build additional physical intuition for this formulation, we per-
form a Taylor expansion of F̂ (T) about T 5 TF , yielding

F̂ (T) 5 Fc 1
DF

DT

(T 2 TF) 2
DF

3D3
T

(T 2 TF)3

1 O[(T 2 TF)5]: (16)

From this expansion, we note that the leading-order tem-
perature sensitivity of F̂ is given by DF/DT, which can be inter-
preted as a regression coefficient B. The constant term Fc is
the mean value denoting the sum of the net upward longwave
and surface sensible heat fluxes and, in this context, can be
written as A1 B(TF 2 Tc), where A and B are the regression
coefficients corresponding to the intercept and slope of F ver-
sus T and Tc is a reference temperature as described above.
Combining these results, we can rewrite Eq. (15) as

F̂ (T) 5 A 1 B(TF 2 Tc) 1 BDT tanh
T 2 TF

DT

( )
, (17)

making F̂ a function of a small set of parameters that can be
calibrated to climate model simulations. While F̂ could, in prin-
ciple, be written similarly to Ŝ, we adopt this formulation to
capture both the cloud radiative components and the surface
sensible heat flux, which depend nontrivially on temperature.

c. Estimating parameters for the simple analytical model

Several parameters must be estimated to accurately model both
S and F as functions of T for each CAM4 simulation. Table 1
summarizes the parameters for the CAM4 simulations. For Sclr,
we estimate “control” values by setting Tc 5 286 K and linearly
interpolating each variable to this reference temperature.
Global-mean total precipitable waterWc is calculated as

Wc 5
1
g

�ps

0
q dp, (18)

TABLE 1. Parameters for the simple analytical model applied to the CAM4 simulations. Each column lists the parameter values
used in the simple physically motivated analytical model to approximate components of the global-mean surface energy budget using
only global-mean near-surface air temperature. The g is the solar constant scaling factor, h is an empirical correction factor
representing the maximum fraction of incoming radiation that can be absorbed, k is the water vapor absorption coefficient, t1 is the
baseline term accounting for nonwater vapor shortwave absorbers, Wc is the control total precipitable water, Tc is the control near-
surface air temperature, aS

cld is the control net shortwave cloud radiative effect, bS
cld is the linear sensitivity of the shortwave cloud

radiative effect to temperature change, A is the control value denoting the sum of the net upward longwave and surface sensible heat
fluxes, B is the linear sensitivity of the sum of the net upward longwave and surface sensible heat fluxes to warming, TF is a
characteristic transition temperature for the sum of the net upward longwave and surface sensible heat fluxes, DT is the width of the
transition, and T̂ * and P̂max are the estimated values. Note that S0 is 1361.27 W m22 based on Wolf et al. (2018).

Simulation g H
K

(cm21) t1

Wc
(mm)

Tc
(K)

aS
cld

(W m22)
bS
cld

(W m22 K21)
A

(W m22)
B

(W m22 K21)
TF

(K)
DT

(K) T̂
*
(K)

P̂max
(mm day21)

0.750 3 S0 0.750 0.285 0.036 0.222 18.1 286 229.4 0.228 66.7 21.80 300 39.9 322 3.80
0.875 3 S0 0.875 0.284 0.023 0.247 20.1 286 242.0 0.281 79.1 21.99 305 39.1 325 4.43
1.000 3 S0 1.000 0.283 0.018 0.258 22.3 286 261.2 0.644 84.4 22.01 301 42.1 329 5.06
1.100 3 S0 1.100 0.283 0.016 0.258 23.2 286 271.8 0.671 92.7 22.08 304 43.1 331 5.34
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where g is the gravitational acceleration, ps is the surface pres-
sure, and q is the specific humidity. Note that Wc is further
linearly interpolated to Tc 5 286 K.

The radiative transfer parameters for Sclr (i.e., h, k, and t1)
are estimated by the following procedure. First, we linearly in-
terpolate both S

_
clr;atm and S

_
clr to Tc 5 286 K. Then, we solve

for h using these values and Eq. (9) with t 52ln[S_
clr/(gS0/4)],

providing a characteristic optical depth for clear-sky shortwave
radiation given the atmospheric transmissivity (Goody and
Yung 1995). The S

_
clr;atm values are then fit to Eq. (9) for a

range of T using W(T) as a state variable for t [Eq. (10)], re-
sulting in estimates of k and t1. Estimating h first reduces the
number of free parameters, enabling a more robust estimate
of both k and t1. We restrict our calibration to values of T
ranging from 286 to 300 K, which is approximately the range

of T spanning piControl and abrupt-4xCO2 simulations
(Geoffroy et al. 2013).

The other parameters are estimated using linear regression.
For Scld, we compute regression coefficients corresponding to
the intercept and slope of Scld versus T spanning 286–300 K,
yielding aS

cld and bS
cld, respectively. For F , we first estimate A

and B as the intercept and slope, respectively, of F versus T
also spanning 286–300 K. We then iteratively solve for TF and
DT by fitting Eq. (17) to F . Note that the values of TF and DT

vary little across the different CAM4 simulations (see Table 1),
suggesting thatA and B capture most of the variation in F .

By restricting most parameter estimation to values of T between
286 and 300 K, we can justify calibrating the simple analytical
model to readily available climate model output and using it to esti-
mate Pmax for a broader suite of climate models (see section 4b).

FIG. 5. A simple analytical model for estimating the maximum mean precipitation. Scatterplots showing estimates
of (a) T* using Eq. (19) vs T* diagnosed from the CAM4 simulations and (b) Pmax using Eq. (20) vs Pmax diagnosed
from the CAM4 simulations. Equation (20) is further decomposed into (c) the clear-sky component of the absorbed
shortwave flux (term 1) and (d) the cloud component of the absorbed shortwave flux (term 2). The x axis shows pre-
dictions from the simple analytical model, while the y axis shows values from the GCM (CAM4 simulations).
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4. Estimating the maximum mean precipitation in
hothouse climates

The maximum precipitation rate Pmax can now be obtained
through a simple two-step procedure. First, T* is determined
by identifying the temperature at which F approaches zero
via Eq. (17). To account for uncertainty, we adopt a small
threshold of F* 5 5Wm22, yielding

T̂ * 5 TF 1 DT arc tanh
1
DT

F* 2 A
B

2 (TF 2 Tc)
[ ]{ }

, (19)

resulting in an estimate of T* (i.e., T̂ *). After T̂ * is obtained,
it is then used to estimate S via Eq. (14), which results in

P̂max ; Ŝ(T̂ *)

5 (1 2 a)gS0
1
4
2 hm 1 2 exp 2

kW(T̂ *) 1 t1
m

[ ]{ }( )
︸�����������������������������︷︷�����������������������������︸

Term 1

1 aS
cld 1 bS

cld(T̂ * 2 Tc)︸����������︷︷����������︸
Term 2

: (20)

The key assumption is that as F " 0, the condition
dS/dT 5 dF /dT holds, producing a global-mean precipitation
maximum that can be estimated via S.

TABLE 2. Parameters for the simple analytical model applied to CMIP6 simulations. Each column lists the parameter values used
in the simple analytical model to approximate components of the global-mean surface energy budget using only global-mean near-

surface air temperature. See main text and Table 1 for parameter descriptions. Note that estimates of T̂ * and P̂max based on CMIP6
output use constant values of a 5 0.07, g 5 1.0, S0 5 1360 W m22, m 5 0.5, DT 5 43 K, and TF 5 304 K.

Model
Wc
(mm)

Tc
(K) h

k

(cm21) t1

aS
cld

(W m22)
bS
cld

(W m22 K21)
A

(W m22)
B

(W m22 K21)
T̂

*

(K)
P̂max

(mm day21)

ACCESS-CM2 24.9 287 0.289 0.026 0.260 247.0 1.21 279.4 1.59 341 5.54
ACCESS-ESM1-5 25.9 288 0.288 0.024 0.254 245.9 0.72 279.0 1.58 342 4.73
BCC-CSM2-MR 24.3 288 0.289 0.023 0.264 252.6 0.12 281.6 1.82 334 3.83
BCC-ESM1 26.7 288 0.290 0.023 0.264 258.5 0.45 279.1 1.69 337 3.91
CanESM5 22.6 287 0.288 0.022 0.265 251.9 0.32 281.7 1.92 329 4.49
CESM2 26.0 287 0.289 0.026 0.254 252.2 0.88 280.1 1.46 352 4.83
CESM2-FV2 26.0 287 0.289 0.026 0.255 252.0 0.85 280.0 1.46 351 4.77
CESM2-WACCM 26.0 287 0.289 0.036 0.231 253.3 1.13 279.6 1.54 344 5.06
CESM2-WACCM-FV2 26.3 287 0.290 0.028 0.260 251.5 0.89 278.8 1.51 346 4.74
CMCC-CM2-SR5 25.1 287 0.290 0.025 0.261 252.3 0.61 278.1 1.90 328 4.66
CMCC-ESM2 24.8 287 0.289 0.026 0.259 252.2 0.59 278.6 1.94 327 4.67
CNRM-CM6-1 23.1 286 0.287 0.021 0.260 249.7 0.14 286.5 1.88 333 4.07
CNRM-CM6-1-HR 22.0 286 0.286 0.024 0.253 248.9 0.11 287.6 2.01 330 4.20
CNRM-ESM2-1 23.9 287 0.287 0.031 0.232 249.4 0.17 287.0 2.10 328 4.00
E3SM-1-0 24.8 287 0.290 0.025 0.266 250.9 0.82 276.2 1.38 352 4.75
E3SM-2-0 25.4 287 0.290 0.023 0.271 250.0 0.55 278.8 1.39 355 4.22
FGOALS-f3-L 25.0 286 0.289 0.023 0.263 250.1 0.03 284.2 2.31 321 4.44
FGOALS-g3 24.6 287 0.286 0.023 0.238 251.5 20.54 288.8 1.98 333 2.89
FIO-ESM-2-0 24.8 287 0.289 0.023 0.260 255.8 0.58 274.9 1.43 344 4.10
GISS-E2-1-G 27.4 287 0.290 0.031 0.247 250.1 20.30 278.6 2.63 315 4.08
GISS-E2-1-H 27.6 287 0.291 0.031 0.248 249.6 20.33 278.6 2.40 319 3.83
GISS-E2-2-G 22.0 285 0.291 0.039 0.244 251.4 20.64 280.4 2.61 319 3.60
GISS-E2-2-H 22.0 285 0.291 0.035 0.253 251.0 20.55 281.3 2.28 314 3.36
HadGEM3-GC31-LL 25.0 287 0.289 0.025 0.262 246.6 1.24 278.3 1.87 319 5.76
HadGEM3-GC31-MM 24.8 287 0.289 0.025 0.260 245.9 1.26 278.8 1.85 330 5.78
IITM-ESM 20.7 287 0.288 0.032 0.245 255.1 0.15 279.7 2.85 313 4.91
INM-CM5-0 23.3 286 0.287 0.014 0.272 244.1 20.29 284.0 2.35 321 5.04
MIROC6 26.1 288 0.287 0.027 0.229 262.7 0.30 268.4 2.02 320 4.43
MPI-ESM1-2-HR 24.1 287 0.290 0.026 0.263 247.9 20.17 284.6 2.26 324 4.06
MPI-ESM1-2-LR 23.1 287 0.289 0.028 0.259 251.3 20.18 283.1 2.26 322 3.97
MRI-ESM2-0 24.6 287 0.289 0.023 0.273 246.0 0.15 279.4 2.34 319 4.88
NESM3 26.0 287 0.294 0.016 0.308 252.0 0.22 279.3 1.79 332 3.98
NorESM2-LM 25.8 288 0.290 0.038 0.228 253.8 0.41 280.7 2.07 326 3.98
NorESM2-MM 24.4 287 0.289 0.043 0.216 252.9 0.46 282.2 2.11 325 3.99
SAM0-UNICON 24.7 286 0.289 0.028 0.247 251.5 0.92 278.1 1.48 344 4.85
TaiESM1 25.5 287 0.290 0.026 0.257 250.1 0.73 277.4 1.37 356 4.66
Mean 24.7 287 0.289 0.027 0.255 251.0 0.36 280.4 1.93 332 4.42
Standard deviation 1.54 0.71 0.001 0.006 0.012 3.52 0.52 3.74 0.39 12.2 0.62
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a. Validating the simple analytical model

We validate the skill of the simple physically motivated

analytical model by comparing T̂ * and P̂max with the values
diagnosed from the CAM4 simulations (Fig. 4). Figure 5

shows T* and Pmax diagnosed from each GCM simulation (y
axis) plotted against the predicted values (x axis) from Eqs.
(19) and (20), respectively. Using Eq. (20), Pmax is further de-
composed into the clear-sky component of the absorbed
shortwave flux (term 1; Fig. 5c) and the cloud component of
the absorbed shortwave flux (term 2; Fig. 5d). The simple ana-

lytical model skillfully predicts both T* and Pmax across the
CAM4 simulations, showing nearly perfect agreement along
the one-to-one line (Table 1 and Figs. 5a,b). The simple analyti-

cal model tends to not predict the exact value of T*, but these
values are within 5 K of the GCM diagnosed values (Table 1
and Fig. 5a). Errors in Pmax are compensated by errors in term 1
and term 2 (Figs. 5b–d). The expressions for S and F also closely
emulate the CAM4 simulations across a broader range of sur-
face temperatures. Appendix A shows the ability of Eqs. (12),
(13), and (17) to reproduce Sclr, Scld, and F from CAM4, respec-
tively. In general, the expressions approximate each component
well, but for surface temperatures beyond; 350 K, Eq. (12) de-
viates strongly from Sclr (Fig. A1a). This breakdown occurs be-
cause water vapor absorption continues to increase via pressure
broadening, leading to further decreases in S that are not cap-
tured by the formulation. Additionally, the shortwave cloud ra-
diative effects become slightly nonlinear (Fig. A1b), leading to
further decreases in S that are not captured by the formulation.
However, over the temperature range relevant to the precipita-
tion maximum, the simple expressions accurately reproduce
both S and F (Fig. A1).

b. Application of the simple analytical model to CMIP6

The success of the simple analytical model in skillfully pre-
dicting both T* and Pmax for the CAM4 simulations}after
being calibrated using only output that spans values of T
within the range of existing climate simulations}suggests
that it can be applied to estimate T* and Pmax for a broader
suite of climate models. Following the procedure described in

section 3c, we calibrate the simple analytical model using pi-
Control and abrupt-4xCO2 simulations from CMIP6 (Eyring
et al. 2016). Note that, unlike in the CAM4 simulations where
we linearly interpolated to Tc 5 286 K, here we use piControl
values for the control parameters. Parameter values for each
CMIP6 model are listed in Table 2.

The simple analytical model calibrated to CMIP6 model
output suggests a large intermodel spread in T* and Pmax
(Figs. 6a,b). The range of T̂ * spans 300–360 K, with a multi-
model mean value of 332 K (Fig. 6a and Table 2). The range
of P̂max is similarly large, spanning 2.9–5.8 mm day21, with a
multimodel mean of 4.4 mm day21 (Fig. 6b and Table 2), sub-
stantially higher than the present-day observed range of 2.6–
2.7 mm day21 (gray shaded bar, Fig. 6b). Appendix B shows
values of P for the piControl and abrupt-4xCO2 simulations,

along with the estimated maximum P̂max for each CMIP6
model, for reference. To understand the factors contributing
to the intermodel spread in T̂ * and P̂max across CMIP6, we
prescribe the intermodel spread in a specific set of parameters
to the simple analytical model while keeping all other param-
eters fixed at their multimodel mean values.

Figure 7 shows T̂ * based on the intermodel spread in
present-day properties (A, Tc; Fig. 7a) and on the intermodel
spread in the sensitivity of F to surface warming (B; Fig. 7b).

Almost all of the intermodel spread in T̂ * can be attributed to
B, which accounts for 95% of the intermodel variance and lies
mostly along the one-to-one line (Fig. 7b). The A and Tc con-

tribute little to the intermodel spread in T̂*. The spread in B
likely arises from differences in longwave cloud radiative ef-
fects and changes to the vertical structure of temperature
(e.g., the lapse rate), which can strongly influence downward
longwave radiation.

Figure 8 shows P̂max decomposed into the clear-sky compo-
nent (term 1) and the cloud component (term 2) based on the
intermodel spread in present-day properties (Wc, Tc for term
1 or aS

cld, Tc for term 2; Figs. 8a,b), radiative transfer parame-
ters and the response of shortwave cloud radiative effects to
warming (h, k, t1 for term 1 and bS

cld for term 2; Figs. 8c,d),

and the intermodel spread in T̂ * (Figs. 8e,f). For the clear-sky
component, present-day properties contribute approximately

FIG. 6. Estimates of the maximum mean precipitation in CMIP6. Histograms of (a) T̂ * estimated from Eq. (19) and (b) P̂max estimated
from Eq. (20). The P̂max is further decomposed into two components: (c) the clear-sky component (term 1) and (d) the cloud component
(term 2). The Pearson correlation coefficient (r) and the variance explained (r2) between each term and Eq. (20) are shown in the top-left
corner of (c) and (d). (b) Present-day P (gray shaded bar) from satellite observations for comparison.
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12% of the uncertainty across CMIP6 estimates (Fig. 8a),
while present-day properties contribute little to uncertainty in
the cloud component (Fig. 8b). Differences in radiative trans-
fer properties also contribute little to the uncertainty in term 1
(Fig. 8c), contrasting with the findings of Yang et al. (2016),
who showed that shortwave absorption by water vapor can
contribute substantially to differences among climate models.
Instead, uncertainty in the response of shortwave cloud

radiative effects to warming accounts for most of the spread in
the cloud component, explaining approximately 92% of the
variance in term 2 (Fig. 8d). This is consistent with previous
studies identifying differences in shortwave cloud feedbacks as
a major source of intermodel uncertainty in the climate re-
sponse to forcing (e.g., Soden and Held 2006; Vial et al. 2013;
Zelinka et al. 2020). In contrast, uncertainty in the clear-sky

component primarily arises from the spread in T̂ *, which ac-
counts for 80% of the variance in term 1 (Fig. 8e).

Overall, CMIP6 models suggest that P̂max ranges from 2.9
to 5.8 mm day21 (Fig. 6b). Much of the intermodel spread in
P̂max is associated with the cloud component (term 2; Fig. 6d),
primarily through the response of the shortwave cloud radia-
tive effect at the surface to warming (bS

cld), which explains
92% of the intermodel variance in term 2 (Fig. 8d). The clear-
sky component (term 1; Fig. 6c) also contributes some to the
spread in P̂max but is instead attributed to intermodel spread

in T̂ *, which accounts for 80% of the intermodel variance in
term 1 (Fig. 8e).

These results indicate there is a fundamental limit on
global-mean precipitation. Interestingly, if shortwave cloud
radiative effects at the surface were negligible, Pmax would ex-
hibit a maximum between 4.8 and 7.2 mm day21 (Fig. 6c) and
be set by T* and the strength of shortwave absorption by wa-
ter vapor in the atmosphere, which is consistent with other
more sophisticated analytical models (Jeevanjee and Romps
2018; Cohen and Pincus 2025).

5. Discussion and conclusions

In this study, we developed a simple analytical model,
based on physical principles, to estimate the maximum global-
mean precipitation (Pmax) in hothouse climates. The simple
analytical model expresses the components of the global-
mean surface energy budget as functions of the global-mean
near-surface air temperature (T) and assumes that Pmax oc-
curs when the sum of the net upward longwave and surface
sensible heat fluxes vanishes (i.e., L 1H " 0). Under this
condition, dS/dT 5 dL/dT 1 dH/dT , implying that Pmax is
determined primarily by the absorbed shortwave flux (S). In
our model, S is comprised of the sum of clear-sky and cloud
radiative contributions and uses total precipitable water and
the Clausius–Clapeyron relationship. The simple analytical
model predicts Pmax and the corresponding temperature T* in
excellent agreement with CAM4 simulations spanning a wide
range of solar constants and atmospheric carbon dioxide con-
centrations (Figs. 2–5, Fig. A1). Future work should validate
the applicability of this simple analytical model for estimating
Pmax and T* in other climate models.

Our results have two key implications. First, building on sev-
eral studies (e.g., O’Gorman and Schneider 2008; Bonan et al.
2024; Liu et al. 2024), our results suggest that global-mean precip-
itation exhibits a fundamental limit under warming. Specifically,
in extremely hot climates}where surface evaporation is almost
entirely balanced by absorbed shortwave radiation}additional
warming can actually reduce P resulting in a maximum due to in-
creased shortwave absorption in the atmosphere, which limits
the energy available for evaporation. Here, using the simple ana-
lytical model, we showed that for a suite of CMIP6 climate

FIG. 7. Sources of intermodel spread in T̂ * across CMIP6. Scat-
terplots of T̂ * estimated from Eq. (19) using (a) the intermodel
spread in A and Tc and (b) the intermodel spread in B. Note that
all other parameters are set the multimodel mean. The Pearson
correlation coefficient (r) and variance explained (r2) are given in
the top-left corner of each panel. The dashed line represents the
one-to-one line.
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FIG. 8. Sources of intermodel spread in P̂max across CMIP6. Scatterplots of P̂max estimated from Eq. (20) de-
composed into (left) the clear-sky component (term 1) and (right) the cloud component (term 2), using the in-
termodel spread in various parameters. Note that all other parameters are set the multimodel mean. Term 1 is
shown for (a) the intermodel spread inWc and Tc; (c) the intermodel spread in h, k, t1; and (e) the intermodel

spread in T̂ *; term 2 is shown for (b) the intermodel spread in aS
cld and Tc, (d) the intermodel spread in bS

cld,

and (f) the intermodel spread in T̂ *. The Pearson correlation coefficient (r) and variance explained (r2) are
given in the top-left corner of each panel. The dashed line represents the one-to-one line.
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models, Pmax ranges from 2.9 to 5.8 mm day21 and occurs for
surface temperatures between 300 and 360 K (Fig. 6). Much of
the intermodel spread in Pmax can be attributed to the shortwave
cloud response to warming (Fig. 8d), with some contribution
from the temperature where L 1H " 0 (Fig. 8e). Second, the
simple analytical model provides a practical tool for interpreting
the behavior of comprehensive climate models or observations
and for examining the energetic limits of the climate system.
Combining these results with diffusive moist energy balance
models (e.g., Flannery 1984) and other scaling approaches, such as
the Penman–Monteith approximation for evaporation (e.g.,
Penman 1948; Monteith 1981), represents a promising direc-
tion for future work examining the physics of extremely warm
climates.

Despite the simplicity and utility of our simple analytical model,
several caveats remain. Our estimates of Pmax based on CMIP6
models neglect changes in continental configuration (Rogers
1996) or in the solar constant (Feulner 2012), both of which could
strongly influence surface fluxes. Such changes would likely affect
the temperature at which dS/dT 5 dL/dT 1 dH/dT , as well as
the magnitude of S, thereby influencing whether Earth’s cli-
mate exhibited Pmax in past climates. We also assume a fixed
clear-sky surface albedo, neglecting changes in land surface
properties such as vegetation, which could alter the surface en-
ergy balance in warmer climates. For example, in extremely hot
climates, widespread forest die-off could substantially alter the
land surface albedo. Finally, we did not account for nonlinear-
ities in cloud radiative effects, particularly those associated with
low-level stratocumulus clouds (Schneider et al. 2019; Salazar
et al. 2025). Nonlinear cloud responses could drastically alter
the surface shortwave fluxes and our simple linear model for
the cloud radiative effects, thereby altering the maximum pre-
cipitation rate in hothouse climates. Additional work is needed
to evaluate the assumption of linear cloud behavior and to
quantify its influence on estimates of Pmax. Nonetheless, each of
these caveats could be investigated in future work and poten-
tially incorporated into this framework to improve estimates of
the maximummean precipitation in hothouse climates.

In summary, we have presented a minimal, physically based
analytical model that captures the key factors contributing to a
maximum in global-mean precipitation in hothouse climates.
While the simple analytical model performs well for the CAM4
simulations examined here, future work should evaluate its abil-
ity to reproduce this behavior in other climate models and pre-
dict the maximum global-mean precipitation. Such evaluation
would enable more accurate parameter calibration and a more
rigorous assessment of our assumptions, particularly on the idea
that Pmax occurs when L 1H " 0. This work may also help
identify an emergent constraint that could narrow the large in-
termodel spread in both Pmax and T*, enabling a more precise
assessment of when and by how much global-mean precipita-
tion reaches a maximum. For example, because the intermodel
spread in P̂max is strongly related to shortwave cloud radiative
effects, constraints on cloud radiative effects in the present-day
climate or past climates may help reduce uncertainty in esti-
mates of Pmax. Ultimately, understanding the mechanisms con-
trolling precipitation in warm climates is essential both for
anticipating how Earth’s hydrological cycle may respond to

continued anthropogenic forcing and for interpreting climates
in past warm periods and on other planetary bodies.
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APPENDIX A

Application of Simple Analytical Model to CAM4

The simple analytical model accurately predicts the maxi-
mum global-mean precipitation (Pmax) and the correspond-
ing temperature at which this occurs (T*) in the CAM4
simulations (see Fig. 5). Here, we evaluate how well the
simple expressions for the absorbed shortwave radiation [S;
Eqs. (12) and (13)] and the sum of the net upward long-
wave and surface sensible heat fluxes [F 5 L 1H ; Eq. (17)]
reproduce the CAM4 simulations across a wider range of
surface temperatures with a solar constant comparable to
the present-day climate. Figure A1 shows Sclr, Scld, and F
from the CAM4 simulations, along with the corresponding
values predicted by Eqs. (12), (13), and (17), respectively.
In general, the simple expressions closely reproduce the
CAM4 simulations for surface temperatures spanning 265–
360 K when calibrated only using surface temperatures
from the piControl and abrupt-4xCO2 simulations.

For temperatures beyond ; 360 K, the clear-sky shortwave
approximation [Eq. (12)] fails to capture the continued de-
crease in Sclr (Fig. A1a). This breakdown arises because the
formulation assumes a saturating, fixed-efficiency water vapor
absorption. Additionally, pressure broadening increases the ef-
fective absorption strength of water vapor at high humidity,
allowing shortwave opacity to continue increasing even after
column moisture growth slows. Together, these effects pro-
duce continued decreases in Sclr that Eq. (12) does not cap-
ture. In the CAM4 simulations, the surface shortwave cloud
radiative effect becomes slightly nonlinear for temperatures
beyond ; 360 K, making the linear approximation for Scld a
poor fit (Fig. A1b; Bonan et al. 2024). However, over the
range of surface temperatures for which precipitation exhibits
a maximum (300–360 K), the simple expressions accurately re-
produce both S and F . Future studies could build on this
work and that of Roemer et al. (2025) to incorporate more
sophisticated parameterizations of atmospheric shortwave ab-
sorption into analytical models (Jeevanjee and Romps 2018;
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Cohen and Pincus 2025), helping to bridge spectroscopic the-
ory, radiative cooling, and Beer’s law.

APPENDIX B

Comparison of Precipitation Maximum with piControl
and Abrupt-4xCO2 Simulations

To provide context for the magnitude of the estimated
Pmax, we compare it with values of P from the piControl sim-
ulations and years 120–150 of the abrupt-4xCO2 simulations
for each CMIP6 model (see Fig. B1). In general, CMIP6

models exhibit an increase in P from abrupt-4xCO2 to the es-
timated maximum, although the magnitude of this increase
varies substantially across models. For example, HadGEM3-
GC31-LL and HadGEM3-GC31-MM exhibit substantial in-
creases from approximately 3.6 to 5.8 mm day21 across the
abrupt-4xCO2 and estimated maximum, respectively (Fig. B1).
In contrast, FGOALS-g3 exhibits little change in P between
the abrupt-4xCO2 simulation and the estimated maximum
(Fig. B1). The diversity of these responses is primarily attrib-
utable to intermodel differences in the shortwave cloud com-
ponent (see section 4b).

FIG. A1. Simple analytical model applied to CAM4. Global-mean (a) clear-sky component of the absorbed shortwave flux (Sclr),
(b) cloud component of the absorbed shortwave flux (Scld), and (c) combined net upward longwave flux and surface sensible heat flux
(F 5 L 1H) as a function of global-mean near-surface air temperature (T ) for the simulations of Wolf et al. (2018) with a present-day so-
lar constant. Yellow dots denote CAM4 simulations, and the black line shows Eqs. (12), (13), and (17) calibrated using only model output
spanning the piControl and abrupt-4xCO2 temperature range. Note that watts per square meter has been converted to millimeters per day.
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