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Abstract

The climate's response to forcing depends on how efficiently heat is absorbed by the ocean.
Much, if not most, of this ocean heat uptake results from the passive transport of warm surface waters into
the ocean's interior. Here we examine how geographic patterns of surface warming influence the efficiency
of this passive heat uptake process. We show that the average pattern of surface warming in CMIP5 damps
passive ocean heat uptake efficiency by nearly 25%, as compared to homogeneous surface warming. This
“pattern effect” occurs because strong ventilation and weak surface warming are robustly colocated,
particularly in the Southern Ocean. However, variations in warming patterns across CMIP5 do not drive
significant ensemble spread in passive ocean heat uptake efficiency. This spread is likely linked to
intermodel differences in ocean circulation, which our idealized results suggest may be dominated by
differences in Southern Ocean and subtropical ventilation processes.

1. Introduction
After a change in radiative forcing, surface warming is mitigated by the slow heating of the global ocean
for centuries. The climate's adjustment during this period is often described heuristically by a simple linear
energy-balance model (Andrews et al., 2012; Gregory et al., 2004):
N = F − 𝜆T.

(1)

Here, N, F, and T are the top-of-atmosphere (TOA) radiative imbalance perturbation, radiative forcing perturbation, and surface temperature anomaly, all defined with reference to an initial steady state, and the
overbar denotes a global mean. The parameter 𝜆 represents the strength of global radiative feedback. Since
the great majority of this radiative imbalance is absorbed by the ocean, it is common to equate N with
the global mean rate of ocean heat uptake (OHU, where its global mean is OHU) (Cubasch et al., 2001;
Raper et al., 2002), emphasizing the role OHU plays in pacing surface warming.
Ocean heat uptake is the result of many dynamic and interactive processes such as advection, diffusion, and
vertical mixing (Gregory, 2000). “Passive” ocean heat uptake (henceforth OHUp ) refers to the transport of
surface temperature anomalies into the interior by the climatological (time mean) of these transport processes (and is sometimes called “added heat” Bouttes et al., 2014). Passive ocean heat uptake thus describes
the component of OHU in which heat acts like a passive tracer. In truth, heat is not a passive tracer—its
uptake, along with other processes such as wind changes, alters advection and mixing and redistributes existing background temperature gradients. This “redistributed” heat (Garuba & Klinger, 2016) can significantly
influence the spatial distribution of ocean warming and, indirectly, OHU (e.g., Banks & Gregory, 2006), particularly through changes in the North Atlantic (Bouttes et al., 2014; Garuba & Klinger, 2016; Rugenstein
et al., 2013; Winton et al., 2013; Xie & Vallis, 2012). However, more recent studies argue that redistribution plays a small role, as compared to OHUp , in setting global OHU (Armour et al., 2016; Garuba &
Klinger, 2018; Gregory, Bouttes, et al., 2016; Todd et al., 2020). Further, Bronselaer and Zanna (2020) find
that the pattern of heat storage is increasingly determined by OHUp as the anomalous heat content in the
ocean grows.
These studies motivate deeper investigation into the processes governing passive ocean heat uptake and
its relevance over the coming century. Here we will specifically focus on the influence of spatial patterns
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of surface warming on OHUp , motivated by the critical role warming patterns play in pacing the atmosphere's radiative response to forcing. Specifically, radiative feedbacks vary strongly in space, such that
their collective global effect, that is, 𝜆 in Equation 1, depends sensitively on where surface warming occurs
(Armour et al., 2013; Rose et al., 2014) through both local and nonlocal effects (Andrews et al., 2015;
Bloch-Johnson et al., 2020; Ceppi & Gregory, 2019; Dong et al., 2019; Gregory & Andrews, 2016; Stuecker
et al., 2018). This is termed a “pattern effect” (Stevens et al., 2016; Xie, 2020), whereby N depends not only
on T (i.e., Equation 1) but also on its spatial pattern (i.e., T(x, y)). This effect operates only because both
warming and radiative feedbacks vary geographically. Passive ocean heat uptake processes, specifically the
advection and mixing that determine where the ocean is ventilated, have similarly rich spatial structure
(Gebbie & Huybers, 2012; Khatiwala et al., 2012; Waugh et al., 2013). Possibly then, a pattern
effect may also modulate OHUp . A natural metric for this effect is the “ocean heat uptake efficiency” (𝜅 ), which quantifies the global-mean rate of heat uptake per degree global surface warming,
𝜅 = OHU∕T (Gregory & Mitchell, 1997; Gregory, 2000; Winton et al., 2010). A pattern effect would be
reflected by a change to 𝜅 through a spatial redistribution of the (equivalent) T .
Here, we consider how sea surface warming patterns, specifically those driven by anthropogenic forcing, influence passive ocean heat uptake and uptake efficiency. We exploit an ensemble of CMIP5
simulations to characterize these patterns. Common across simulations, to varying degrees, is relatively minimal warming over the Southern and North Atlantic and relatively strong warming across
the tropics and North Pacific (Figures 1 and S1 in the supporting information). Our primary goal is
to understand how these shared characteristics contribute to the rate of passive ocean heat uptake
and heat uptake efficiency, on average, across the ensemble. Our secondary goal is to understand if
deviations in warming patterns across models contribute to differences in passive heat uptake and,
specifically, to the substantial spread in 𝜅 identified in previous modeling ensembles (Kuhlbrodt &
Gregory, 2012). For both, we use an idealized framework to emulate passive ocean heat uptake
(e.g., Zanna et al., 2019).

2. Model and Methods
2.1. Sea Surface Warming in CMIP5
To isolate the sea surface temperature (SST) change in response to anthropogenic forcing, we examine the
relatively idealized “1pctCO2 ” forcing scenario in an ensemble of CMIP5 models. In these experiments,
atmospheric carbon dioxide is increased from its preindustrial (late 19th century) concentration at a rate of
1% per year until doubled. We define the forced response as the change in SST in each perturbed simulation
from that in a corresponding control simulation in which CO2 is held constant at the preindustrial level.
Here we will use the SST anomaly from each ensemble member as a boundary condition for passive heat
uptake using two representations of a steady-state ocean circulation.
2.2. Green's Function Representations of the Ocean Circulation
In what follows, we use Green's functions (GFs) to extract the climatological time-mean (or “fixed”)
ocean circulation in two models. The first is the University of Victoria Earth System Climate Model
(UVic ESCM) v2.9, a coupled climate model of intermediate complexity. UVic ESCM features a 3-D ocean
general circulation model with a horizontal resolution of 1.8◦ × 3.6◦ and 19 layers that is coupled to a
dynamic-thermodynamic sea ice, one-layer atmospheric energy-moisture balance and land surface models,
as described by Muglia et al. (2018) and Khatiwala et al. (2019). The second is the Estimating the Circulation
and Climate of the Ocean (ECCO)-Global Ocean Data Assimilation Experiment (GODAE), an ocean state
estimate (Stammer et al., 2004; Wunsch & Heimbach, 2007) based on a 1◦ horizontal resolution configuration of MITgcm (Marshall et al., 1997) with 21 vertical layers. Both GFs were computed using the Transport
Matrix Method (TMM) (Khatiwala et al., 2005, 2007, 2018), using monthly mean Transport Matrices and
extracted from a monthly mean climatology over the 1992–2004 estimation period for ECCO. The Transport
Matrices represent all transport processes in the underlying ocean model, including advection, mixing, and
subgrid-scale parameterizations. For the GF simulations, we coarsen the surface into 26 surface patches for
computational efficiency (see Zanna et al., 2019).
The GF for a given surface patch, j, or G(j, r i , t), quantifies how a passive tracer, present in patch j at time
t = 0, will be dispersed over all interior points, r i , by some later time t. Specifically, G(j, r i , t) is the solution at
time t to a model's advection-diffusion equation with an impulse concentration surface boundary condition
NEWSOM ET AL.
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Figure 1. Summary of the pattern effect on passive ocean heat uptake. (a) Distribution of CMIP5 ensemble-mean
sea surface temperature anomaly (ΔSSTc ), averaged between years 100 and 140. (b) Comparison of OHUp (t)
for the spatially varying experiment (forced with the pattern ΔSSTc , green solid), spatially uniform experiment
(forced everywhere at the same global mean rate, ΔSSTc , green dashed), as compared to the CMIP5
ensemble-mean OHU(t) (black solid). (c) Global ventilation fraction (VF) per patch, which is defined as
∑
∞
∞
VF( 𝑗) = ∫0 Gv ( 𝑗, t)dt∕ 26
𝑗=0 ∫0 Gv ( 𝑗, t)dt and is approximated here by truncating the time integral at 350 years.
(d) Total heat uptake per patch (see Equation 4) averaged for years 100–140. This total uptake results from the
covariance of ΔSST (a) and GV (b). (e) Fraction of total patch heat uptake for the spatially varying experiment
SV
SV
SU
(OHUSV
p ) divided by patch uptake in the spatially uniform experiment (OHUp ), or OHUp ∕OHUp .

at time 0 for points over patch j, and zero elsewhere and for t > 0 (Holzer & Hall, 2000; Khatiwala et al., 2001;
Primeau, 2005). When integrated over all interior points, r i , the GF
GV ( 𝑗, t) =

∫Vi

G( 𝑗, ri , t) d3 ri ,

quantifies the total fraction of waters last in contact with (ventilated from) patch j at t = 0 that remain in the
interior at time t (Holzer & Hall, 2000; Khatiwala et al., 2012).
2.3. Passive Ocean Heat Uptake Using GFs
A GF representation of the ocean is particularly useful for emulating passive ocean heat uptake. Specifically,
the global integral of heat passively absorbed (or, OHCp , with the subscript p for “passive”), between an
initial time t = 0, when the system is assumed to be in a steady state, and a later time t, due to the SST
anomalies within patch j during that time interval is given by (e.g., Zanna et al., 2019)
t

OHCp ( 𝑗, t) = 𝜌0 cp

∫0

ΔSST( 𝑗, t′ )GV ( 𝑗, t − t′ ) dt′ .

(2)

Here, ΔSST(j, t) is the average SST anomaly over patch j at time t, and 𝜌0 and cp are a reference density and
the heat capacity of seawater, respectively. Note that the heat sourced in each patch is dispersed throughout
the ocean depending on local ventilation characteristics (i.e., GV ). The rate of passive ocean heat uptake per
patch, OHUp (j, t), can thus be expressed as
OHUp ( 𝑗, t) =

NEWSOM ET AL.

t
𝜌 0 cp d
1 d
OHCp ( 𝑗, t) =
ΔSST( 𝑗, t)GV ( 𝑗, t − t′ )dt′ ,
A( 𝑗) dt
A( 𝑗) dt ∫0

(3)
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where A(j) is the surface area of patch j. Given Equation 3, the area-weighted global-mean rate of passive
ocean heat uptake, OHUp (t), then evolves as (e.g., Zanna et al., 2019)
OHUp (t) =

N
1 ∑
OHUp ( 𝑗, t)A( 𝑗).
Ag 𝑗=1 ⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟⏞⏞⏞⏞⏞⏞⏞⏞⏟

(4)

total uptake per patch

Here N is the number of surface patches (26 in this study), and Ag =

N
∑

A( 𝑗) is the global ocean area. The

𝑗=1

total uptake per patch represents the rate at which heat is conveyed from the surface layer into the interior
from each patch, which is not necessarily the same location where the heat was fluxed across the sea surface.
From Equation 4 we arrive at the “passive ocean heat uptake efficiency,” defined as
𝜅p (t) =

OHUp (t)
T(t)

=

1

N
∑
OHUp ( 𝑗, t)A( 𝑗),

Ag T(t) 𝑗=1

where T is the global-mean surface air temperature anomaly, which in our case will be calculated from the
same CMIP5 model that supplies our SST boundary conditions, as discussed below.
This framework is idealized and thus has limitations. First, we do not account for changes in ocean circulation and their influence on OHU. However, since we use SSTs from CMIP models, our approach does
include the influence that circulation changes have on each model's SST anomalies, and hence indirectly
on OHU, which is particularly important in the North Atlantic where AMOC weakening tends to cool the
sea surface (e.g., Bouttes et al., 2014; Gregory, Bouttes, et al., 2016; Zanna et al., 2019). Second, our estimates
will differ from the “true” passive heat uptake in a given CMIP model to the degree that our GFs differ from
the coupled climate model's climatological circulation. Both these caveats stem from the fact that warming
patterns are not actually independent of the circulation state; in reality, the circulation fundamentally influences OHU and thus, ΔSST, as discussed in sections 3.1,3.2, and 4. Finally, our discretization of the surface
inevitably coarsens our representation of SST anomalies and ventilation pathways.
2.4. Experiments
We will use this framework for several sets of experiments, in which we simulate OHUp (Equation 4) using a
suite of different ΔSST boundary conditions. We first test how the shared, or “characteristic”, features of sea
surface warming patterns across CMIP5 modulate OHUp . To do so, we define the “characteristic” surface
warming pattern as the CMIP5 ensemble-mean anomaly pattern, or ΔSSTc (j, t). In section 3.1, we use ΔSSTc
as the surface boundary condition for our “spatially varying” experiment. We compare this with a “spatially uniform” experiment, where warming in each patch is equal and set to the global mean of ΔSSTc (j, t),
∑26
that is, ΔSST( 𝑗, t) = ΔSSTc (t) = 𝑗=1 ΔSSTc ( 𝑗, t)A( 𝑗)∕Ag . In both cases, 𝜅 p will be calculated using the
CMIP5 ensemble-mean surface air temperature anomaly. In section 3.2, we examine how variations in ΔSST
patterns across CMIP5 impact the ensemble spread in OHUp and 𝜅 p . To do so, we simulate a CMIP5 “counterpart” ensemble in which the ΔSST pattern from each individual CMIP5 model is used as the boundary
condition for a corresponding GF simulation and T from each model will be used to calculate 𝜅 p . All calculations are performed with both the UVic and ECCO GFs; however, we will focus on results from the UVic
in section 3.1 for reasons discussed in section 3.2.

3. Results
3.1. Do Warming Patterns Influence the Average Passive Ocean Heat Uptake in CMIP5?
We first address how the characteristic warming pattern (ΔSSTc ; Figure 1a) influences the rate of passive
ocean heat uptake. To do so, we compare our spatially varying (in which the pattern ΔSSTc used as the
surface boundary condition) and spatially uniform experiments (in which the global mean of ΔSSTc is used
as the surface boundary condition everywhere; see section 2.4). Since these experiments share the same
global-mean warming, differences between them will be due to the “pattern effect”—the influence that the
geographic distribution of surface warming has on OHUp , and thus on 𝜅 p .
The evolution of OHUp (t) for each experiment, calculated with the UVic GF, is shown in Figure 1b, along
with the CMIP5 ensemble-mean total heat uptake, OHU (which includes all components of heat uptake,
NEWSOM ET AL.
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including redistribution, depicted in black) over the same time period. Notably, OHUp and OHU are in close
agreement throughout the spatially varying (green solid) experiment. In contrast, the spatially uniform case
(green dashed) overestimates OHU by an average of 24%, exceeding it by 0.62 W m−2 during the final decade
of the simulations. The pattern effect thus considerably damps the ocean's capacity to passively absorb heat.
This damping is quantified by the reduction of 𝜅 p from 0.73 W m−2 K−1 (spatially uniform) to 0.60 W m−2
K−1 (spatially varying), on average between years 60 and 130. Notably, when the pattern effect is accounted
for, our idealized estimate closely resembles the CMIP5 ensemble mean of 𝜅 = 0.62 W m−2 K−1 .
What explains these differences? Generally, the amount of heat passively conveyed from the surface into the
interior (Figure 1d) depends not only on regional SST's (i.e., Figure 1a), but also on the strength of regional
ventilation. Figure 1c shows each patch's contribution to the global reservoir of all interior waters in the
UVic GF (similar to the source fraction discussed by Khatiwala et al., 2012). In UVic, the Southern Ocean
accounts for ≈66% of these waters, both because of ventilation by deep waters formed around Antarctic and
by wind-driven subduction across subpolar latitudes. Despite convection in the North Atlantic, the region
contributes only − ≈16% of this sequestered reservoir due to its small size (e.g., Khatiwala et al., 2012),
roughly equaling contributions from the extratropical Pacific.
When imposed surface warming is spatially uniform, heat uptake patterns depend only on the ventilation
pathways in our circulation model (Equation 3). Thus, the majority of heat is taken up in the Southern Ocean
(2,060 ZJ total), while the North Atlantic and North Pacific account for only 365 and 195 ZJ, respectively
(Figure S2a). In the spatially varying case, however, this partition differs significantly. The Southern Ocean
and the North Atlantic absorb 57% and 17% less heat, respectively (Figures 1e and S2b). These differences
result from the relatively minimal Southern Ocean and North Atlantic warming in ΔSSTc , with respect
to the global mean, such that less heat can be conveyed downward despite equivalent ventilation rates.
In the North Pacific, warming exceeds the global mean, driving an ≈55% increase in regional heat uptake
(north of ≈40◦ N) to partially compensate reductions elsewhere. Strong tropical warming has little impact
on global heat uptake (increasing OHUp by 3%)—warming patterns only modulate OHUp over ventilation
regions. Note that, while the magnitude of heat uptake differs, the partition of relative regional contributions
in our spatially varying experiment qualitatively resembles that estimated over the historical record by
Zanna et al. (2019).
Critically, spatial patterns need not reduce OHUp , a priori (see Equation 4). OHUp is damped in our experiments only because the coupled models, from which we calculate ΔSSTc , have less warming in regions where
UVic ventilation is strong (most importantly the Southern Ocean) and more in regions where ventilation is
considerably weaker (throughout the tropics, subtropics, and North Pacific). Note that vigorous UVic ventilation (Figure 1c) is collocated with regions of smaller ΔSST in the both the CMIP5 ensemble mean (ΔSSTc ;
Figure 1a) and in each ensemble member (Figure S1). For that reason, the pattern effect operates similarly
if the same experiments are run using the ΔSST from each ensemble member instead of ΔSSTc (see supplemental discussion and Figure S3). Physically, the broad-scale correspondence between strong ventilation
(in UVic) and ΔSST patterns (in CMIP5) is evidence of the fundamental control ocean dynamics have on
sea surface warming patterns. Specifically, the relatively minimal surface warming in the Southern Ocean
and North Atlantic is, in large part, explained by the fact that models robustly ventilate in these regions,
albeit at different rates (as discussed below) (Andrews et al., 2015; Armour et al., 2016; Marshall et al., 2014).
Thus, the damping pattern effect, identified here by treating SST changes as independent of the circulation,
operates precisely because ventilation acts as a regional thermostat on local SSTs, shaping warming patterns
that, while variable (Figure S1), robustly involve reduced sea surface warming in ventilation regions. And
because this general effect relies on broad-scale ventilation features shared across models, our results qualitatively hold regardless of the GF used—OHUp and 𝜅 p are damped by ≈19% for the equivalent experiments
using the ECCO GF, though their magnitudes are reduced because of different model dynamics as discussed
below.
3.2. Do Warming Patterns Explain Differences Across CMIP5?
The average damping influence of warming patterns on 𝜅 p , discussed above, is noteworthy in light of the
substantial variations in both ΔSST patterns (Figure S1) and in 𝜅 across CMIP5 models (Figure 2b) (as well
as in CMIP3; see Gregory & Forster, 2008). Do surface warming patterns explain this spread in 𝜅 ? To test
this possibility, we turn to our second set of experiments, the counterpart ensemble to CMIP5 calculated
with fixed-circulation GFs (see section 2). The rate of global mean heat uptake (averaged for years 60–130)
NEWSOM ET AL.
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Figure 2. Variations in ocean heat uptake, ocean uptake efficiency, and surface warming between simulations. (a) OHU with global-mean surface air
temperature anomaly, T , for individual CMIP5 simulations (black). Each simulation's GF counterpart simulation, calculated with UVic (green) and the ECCO
(purple), includes only passive heat uptake, OHUp . The mean value in each ensemble is also included (large circles). (b) 𝜅 for each CMIP 5 model (black) and
(passive) 𝜅 p for each GF counterpart simulation (UVic in green and ECCO in purple) with T . In both, the ensemble-mean values are shown (large circles). (c)
The difference in sea surface warming pattern in the coolest model outlier, NorESM1-M, from the CMIP5 ensemble-mean pattern (i.e., ΔSSTc ( j, t) − ΔSSTo ( j, t),
where “o” stands for outlier). (d) The associated anomaly in the total passive heat uptake per patch from the UVic ensemble-average pattern. (e) The same as
(c) but for the warmest model outlier, HadGem2-ES; (f) the same as in (d) but for HadGem2-ES. Fields in all panels are averages over years 60–130 of the
experiments.

is compared between GF (OHUp ) and CMIP5 (OHU) simulations in Figure 2a. Beginning with the UVic GF
ensemble (green), OHUp not only varies widely but also increases relatively linearly with the global-mean
surface air temperature anomaly, T , of the associated CMIP5 ensemble member (as would be anticipated
from Equation 1 and the definition of 𝜅 ). In contrast, there is comparatively little variation in OHU between
CMIP5 models, such that the mismatch between each CMIP5 and GF simulation is greater for models in
which T differs significantly from the ensemble mean. As a result, the spread in 𝜅 across CMIP5 models
(Figure 2b, with std = 0.08 W m−2 K−1 ) is largely set by variations in surface warming, such that 𝜅 decreases,
also rather linearly, as T increases. The spread in 𝜅 p across the GF ensemble is comparatively small (std =
0.03 W m−2 K−1 )—variations in OHUp are relatively proportional to those in T and thus largely cancel. Note
that because of the linearity of our framework, the ensemble average of OHUp is nearly equal to its value
when forced with the ensemble-mean ΔSSTc (section 3.1), and similarly, the average 𝜅 in CMIP5.
NEWSOM ET AL.
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Figure 3. Effect of ventilation patterns on OHU and 𝜅 . (a) Spread in OHU for CMIP5 models (black) and in OHUp for
GF simulations using the UVic (green) and ECCO GFs (purple). Shading from light to dark indicates magnitude of
surface warming, from cooler to warmer. Ensemble-mean values are overlaid (diamonds). (b) As in (a) but for 𝜅
(CMIP5) and 𝜅 p (GFs). (c) The zonally summed ventilation fraction (VF) for UVic (green) and ECCO (purple). Fields
are calculated as in Figure 1c, except GV (j, t) for both the UVic (GU
) and ECCO (GEV ) are normalized by UVic global
V
∑
∞
∞ U
∫
ventilation rates, thus for ECCO, VF( 𝑗) = ∫0 GEV ( 𝑗, t)dt∕ 26
𝑗=0 0 GV ( 𝑗, t)dt. Doing so allows the comparison of
the relative ventilation strength with latitude between GFs. Zonally summed VFs are smoothed by a Savitzky-Golay
filter for visualization.

To understand why CMIP5 and GF simulations display different relationships to T , we examine the coolest
and warmest model outliers. While ΔSST patterns in each model are complex, these outliers share a common feature—extreme extratropical SST anomalies with respect to those in the ensemble-mean pattern
(ΔSSTc (j, t)). The two coolest models (NorESM1-M, Figure 2c, and NorESM1-ME, Figure S5c) both exhibit
lower-than-average Southern Ocean, North Atlantic, and subtropical Pacific SST changes, as well as cooler
equatorial regions. The corresponding GF simulations absorb less heat than average in these cases, primarily within the Southern Ocean, since relatively cool SSTs occur where the GF ventilates most vigorously
(Figures 2d and S5d). We can further compare regional passive uptake estimates to the surface heat fluxes,
though these metrics differ somewhat (as discussed in the supporting information). With this caveat, both
GF simulations absorb less heat in the North Atlantic than is gained at the surface in their CMIP5 counterpart (59% and 65% less inNorESM1-ME and NorESM1-ME, respectively) while the coolest (NorESM1-M)
takes up 22% less in the Southern Ocean as well (see Figures S4b and S4c), together explaining differences
in OHUp (GFs) and OHU (CMIP5).
The two warmest outliers generally exhibit the opposite behaviors. These models simulate above-average
warming in the North Atlantic and Southern Oceans, as well as throughout the tropics (CanESM2; Figure
S5e), and the North Pacific in the warmest outlier (in HADGEM2; Figure 2e). Again, warm anomalies occur
in strong ventilation regions, so the GF simulations absorb significantly more heat than average, also primarily within the Southern Ocean (Figures 2f and S5f). In contrast to the coolest simulations, heat uptake
exceeds regional CMIP5 surface fluxes foremost the Southern Ocean (by 45% in CanESM2 and 29% in
HADGEM2) and secondarily the North Pacific, while both frameworks agree relatively well in the North
Atlantic (Figures S4d and S4e). Together, these simulations clearly show that anomalously warm (or cool)
NEWSOM ET AL.
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regional SST changes do not necessarily indicate greater (or lesser) regional heat uptake in CMIP5. They
further show that the CMIP5 models that warm more (or less) globally also tend to warm more (or less)
in extratropical ventilation regions. For that reason, OHUp in a fixed-circulation model is constrained to
increase with T , a relationship that suppresses spread in 𝜅 p .
Our results thus imply that a significant difference in 𝜅 p must involve a difference in ventilation pathways,
not just in surface boundary conditions. To test this implication, we compare the above results using UVic
GF with those using the ECCO GF (see section 2). As in the UVic ensemble, OHUp simulated with the ECCO
GF increases quasi-linearly with T such that spread in 𝜅 p remains relatively small with respect to CMIP5
(Figures 2 and 3). However, the ECCO GF systematically simulates lower OHUp and thus has a lower 𝜅 p
for all experiments (𝜅 p = 0.48 W m−2 K−1 on average for years 60–130). Our linear framework allows us
to quantify which regions underpin these differences. Both circulation models share the same broad-scale
structure—both are primarily ventilated from the Southern Ocean (Figure 3c). However, despite differences
in high-latitude processes—the ECCO, in fact, ventilates more vigorously from the North Atlantic (Figure
S6)—differences in 𝜅 p primarily arise from weaker subduction from across the subtropics and, most importantly, the Southern Ocean (north of ≈55◦ S; Figures 3 and S6). These regional differences support the
conclusion of our idealized experiments (i.e., Figures 2a and 2b) that ventilation pathways strongly impact
the global ocean heat uptake efficiency, particularly within the Southern Ocean. They also suggest that the
ventilation characteristics of the UVic GF (when coarsened over these broad scales) are relatively representative of the ensemble mean in CMIP5. The correspondence between the rates of heat uptake in the CMIP5
ensemble mean and UVic (when forced with the CMIP5-mean surface warming pattern) would be otherwise
hard to explain given the strong control ventilation pathways play in constraining OHUp , demonstrated in
Figures 2 and 3 and, in fact, given by Equations 2–4. However, similarities between the average ventilation
in CMIP5 and the UVic GF are difficult to directly confirm.

4. Discussion
In this study, we investigated controls on the passive ocean heat uptake and passive ocean heat uptake efficiency. We found that the average spatial patterns of sea surface warming in CMIP5 significantly damp
passive global ocean heat uptake and uptake efficiency (both by about 24%) in our idealized emulations of
CMIP5. This “pattern effect” unfolds because of the characteristically minimal warming over regions that
ventilate the ocean's interior. Critically, to identify this effect, our framework breaks the coupling between
SST anomalies and the circulation. Yet the damping we show in fact operates because of the strong influence
ocean dynamics exert on sea surface warming patterns in a coupled system. Specifically, reduced passive
heat uptake in our experiments occurs because of relatively minimal surface warming over the Southern
Ocean (the globally dominant ventilation region both in our models and in observations; see, e.g., Gebbie &
Huybers, 2012; Khatiwala et al., 2012; Waugh et al., 2013) as well as over the North Atlantic. These robust
characteristics of CMIP5 warming patterns emerge in part because all models ventilate in these regions,
albeit at different rates (Andrews et al., 2015; Armour et al., 2016; Marshall et al., 2014). Thus, physically,
this damping pattern effect operates because ventilation across CMIP5 (among other processes) suppresses
strong warming in efficient ventilation regions, systematically eroding the ability of ventilation to passively
convey heat into the interior (Figures 1 and S3).
When accounting for these ensemble-average patterns, our idealized and uncoupled UVic simulations
almost perfectly recover the ensemble-average rate and magnitude of total heat uptake in CMIP5. This
agreement holds both globally (Figure 1b) and within the Southern Ocean where the majority of passive
heat uptake occurs (Figure S4). This correspondence is noteworthy, since our estimates do not account for
dynamic ocean changes. Such changes have been found to significantly influence both regional and global
heat uptake (e.g., Banks & Gregory, 2006; Garuba & Klinger, 2016; Gregory, 2000; Winton et al., 2010; Xie &
Vallis, 2012), which likely explains disagreement in the North Atlantic surface heat fluxes and our uptake
estimates (e.g., Bouttes et al., 2014; Zanna et al., 2019, as well as the supporting information and Figure
S4). However, far less heat is taken up in the North Atlantic than the Southern Ocean in our estimates, in
CMIP5, and in observations (Armour et al., 2016; Frölicher et al., 2015; Shi et al., 2018; Zanna et al., 2019),
such that discrepancy in the North Atlantic does not drive significant global disagreement between frameworks. At the least, our experiments suggest that deep water formation and AMOC strength may play a
smaller role in passive uptake than argued for by Boé et al. (2009) and Kostov et al. (2014). Instead, passive
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heat uptake from the subtropical and northern Pacific may be more important than traditionally assumed
(here contributing an average 20% of the global total in our experiments) due to the strong warming across
these subduction regions. In sum, our results support the argument that passive heat uptake dominates total
global heat uptake (Armour et al., 2016; Garuba & Klinger, 2018; Gregory, Bouttes, et al., 2016; Huber &
Zanna, 2017; Todd et al., 2020; Zanna et al., 2019) particularly as the anomalous heat content in the ocean
grows with sustained greenhouse forcing (Bronselaer & Zanna, 2020). If so, any effect that damps passive
heat uptake, such as the pattern effect, will significantly reduce the ocean's capacity to sequester heat from
the atmosphere.
Despite the important influence of the characteristic ensemble-mean warming pattern on the
ensemble-mean behavior, we also show that variations in warming patterns among the models of the ensemble cannot explain the significant spread in their ocean heat uptake efficiency. In fact, perhaps surprisingly,
the rate of global-mean ocean heat uptake is relatively constant across CMIP5 models. The ensemble spread
in ocean heat uptake efficiency is instead predominately set by the spread in global-mean temperatures.
However, when individual CMIP5 model's sea surface warming patterns are imposed upon fixed circulation models, heat uptake increases approximately linearly with global mean surface warming. This occurs
because the CMIP5 models that warm more, globally, also tend to warm more in the extratropics where the
fixed models ventilate, particularly within the Southern Ocean. Thus, in apparent contrast to CMIP5, the
ocean heat uptake efficiency remains relatively constant when the circulation is fixed.
This demonstrates that the CMIP5 spread in efficiency must be driven by variations in ocean ventilation
between models. That conclusion is reinforced by the substantial difference in global heat uptake efficiencies
between the UVic and ECCO circulation models. The uptake efficiency is ≈23% higher in UVic because of
its stronger Southern Ocean and subtropical ventilation, despite weaker North Atlantic ventilation. Since
the UVic model captures the average efficiency in CMIP5 quite well (which implies that it may also emulate
the large-scale, average circulation dynamics in CMIP5), it must therefore be an inferior emulator for those
CMIP5 models in which ventilation dynamics vary widely from the ensemble mean (Figure 2).
Sea surface warming patterns are known to regulate the climate's transient response to forcing through
their interaction with radiative feedbacks (Andrews et al., 2015; Armour et al., 2013; Bloch-Johnson et al.,
2020; Ceppi & Gregory, 2019; Dong et al., 2019; Gregory & Andrews, 2016; Rose et al., 2014). Our results
show that warming patterns additionally influence the climate response by damping the ocean's ability to
absorb heat, on average, in coupled models. More generally, our results reinforce the growing consensus that
understanding the coupled interplay between ocean ventilation, air-sea fluxes, and raditive feedbacks, which
together shape emergent patterns of surface warming, is critical to improving climate change projections
over the coming century (e.g., Forster et al., 2020; Gregory et al., 2020; Xie, 2020).
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