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Abstract. Antarctica is expected to warm faster than the global average throughout the 21st century in a phenomenon called

Antarctic amplification. The polar atmosphere is unique in having a strong and persistent surface temperature inversion layer,

and its changing properties can dramatically affect polar warming. In this work, we reveal mechanisms behind Antarctic

amplification by quantifying the contribution of this surface temperature inversion to the region’s near-surface warming. Global

climate models often miss the vertical resolution and physical processes needed to correctly simulate the intense near-surface5

inversion. Here, we downscale four global climate models with the regional climate model MAR (Modèle Atmosphérique

Régional) to decompose the Antarctic near-surface potential temperature into the background potential temperature and the

surface temperature inversion strength. From the late 20th to the late 21st century, we attribute 72 % of July near-surface

warming over the Antarctic continent and sea ice to large-scale background warming under the Shared Socioeconomic Pathway

SSP5-8.5. However, the spatial variability in this warming is driven by surface processes through their weakening of the surface10

temperature inversion, which explains the remaining 28 % of warming. Over the ocean, this weakening is well predicted by sea

ice loss, and accounts for 41 % of the near-surface warming. By contrast, the weakening of the inversion explains 16 % of near-

surface warming on the continent, where it is correlated with stronger present-day atmospheric stability, which suggests that

the lapse-rate feedback contributes significantly to spatial variability in warming. The particularly strong contribution of sea

ice loss to the weakening of the inversion could explain the asymmetry between Arctic and Antarctic amplification. Variability15

in the inversion strength could also account for discrepancies between paleoclimate proxy records.

1 Introduction

Under anthropogenic climate change, the polar surface is expected to warm more rapidly than lower latitudes and the worldwide

average in a phenomenon called polar amplification (Smith et al., 2019). This amplification is expected to be asymmetric, with

greater amplification in the Arctic compared to the Antarctic (Manabe and Stouffer, 1980; Salzmann, 2017; Goosse et al.,20

2018; Stuecker et al., 2018; Cai et al., 2021; Hahn et al., 2021). Numerous physical mechanisms cause polar amplification.

For instance, it is commonly attributed to the surface albedo feedback. This occurs due to the loss of high-albedo surfaces,
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like ice and snow, which increases solar radiation absorption at the polar surface (e.g., Budyko, 1969; Manabe and Wetherald,

1975; Manabe and Stouffer, 1980; Holland and Bitz, 2003; Hall, 2004; Graversen et al., 2014; Dai et al., 2019). Additionally,

colder regions require more warming to shed enough radiation to counteract radiative forcing. This mechanism is called the25

Planck feedback (Wetherald and Manabe, 1988; Langen et al., 2012; Feldl and Roe, 2013; Pithan and Mauritsen, 2014; Henry

and Merlis, 2019). Polar regions also experience a positive lapse-rate feedback due to strong stable stratification in the lower

atmosphere. This restricts warming to the near-surface atmosphere and causes the upper troposphere to warm less than the lower

troposphere, which suppresses outgoing longwave radiation and thereby increases surface warming (Manabe and Wetherald,

1975; Cai and Lu, 2007; Graversen et al., 2014; Pithan and Mauritsen, 2014; Feldl et al., 2020; Linke et al., 2023). Increases30

in atmospheric heat transport towards the poles with global warming are also expected to contribute to polar amplification

(Flannery, 1984; Alexeev et al., 2005; Lu and Cai, 2010; Graversen and Langen, 2019). Greater poleward oceanic heat transport

may contribute as well (Holland and Bitz, 2003; Hwang et al., 2011; Salzmann, 2017; Singh et al., 2017; Shu et al., 2022).

In terms of importance, the surface albedo and lapse-rate feedbacks are considered to be the dominant mechanisms driving

Antarctic amplification, while atmospheric heat transport and the Planck feedback contribute substantially as well (Taylor35

et al., 2013; Graversen et al., 2014; Pithan and Mauritsen, 2014; Goosse et al., 2018; Cai et al., 2021; Hahn et al., 2021).

Another unique feature of polar regions is the persistent surface temperature inversion in their near-surface atmosphere.

A surface temperature inversion refers to temperature increasing with altitude above the land or ocean surface (Zhang et al.,

2011). This phenomenon is widespread throughout Antarctica because the cold polar surface’s outgoing radiation generally

exceeds incoming radiation (Phillpot and Zillman, 1970). Surface temperature inversions have been frequently identified and40

studied over the Antarctic continent, especially over the cold Antarctic Plateau (e.g., Phillpot and Zillman, 1970; Riordan,

1977; Connolley, 1996; Hudson and Brandt, 2005; Pietroni et al., 2014; Baas et al., 2019; Yang et al., 2025). The inversion is

particularly strong over the plateau and ice shelves while decreasing in strength towards the coast (Phillpot and Zillman, 1970;

Connolley, 1996). Inversions are present over sea ice surrounding Antarctica as well (Andreas et al., 2000; Pavelsky et al.,

2011). Seasonally, in the Antarctic interior, winter inversions are particularly strong and can be virtually permanent (Phillpot45

and Zillman, 1970; Connolley, 1996). For instance, at Antarctic Plateau sites, the inversion is maintained throughout the winter

and is still common during summer (Pietroni et al., 2014; Yang et al., 2025). Connolley (1996) measured an average wintertime

inversion strength of more than 25 ◦C over the Antarctic interior, quantified as the difference between 1.5m temperature and the

maximum temperature within the troposphere. Importantly, the presence of a cold inversion layer promotes stable stratification

within the boundary layer (Bintanja et al., 2011). This amplifies surface warming by inhibiting vertical mixing, which prevents50

the surface warming signal from being diluted by upward propagation in the atmosphere. This trapping effect then amplifies

warming via the lapse-rate feedback (Bintanja et al., 2012; Feldl et al., 2020). Throughout this study, we expect stronger stable

stratification in the lower atmosphere to be associated with greater near-surface Antarctic warming according to the lapse-rate

feedback.

The change of the surface temperature inversion in polar regions has important implications for paleoclimate proxies. Some55

proxies depend on surface temperature and therefore the surface inversion, while others depend on the temperature higher up

in the atmosphere. For example, borehole temperatures used to reconstruct past temperatures are related to Antarctic surface
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temperature (Buizert et al., 2021). Certain temperature reconstruction techniques using gas stable isotopes (e.g., with δ15N) or

using the difference between ice-trapped gas age and the surrounding ice’s age similarly depend on surface temperature (Bender

et al., 2006; Buizert et al., 2021; Servettaz et al., 2023). By contrast, water stable isotope reconstructions (e.g., using δ18O60

and δD) do not approximate surface temperatures but rather the temperature of precipitation formation, or the condensation

temperature, which occurs higher in the atmosphere (Jouzel and Merlivat, 1984; van Lipzig et al., 2002; Helsen et al., 2005).

This vertical separation could introduce discrepancies between proxy records (Buizert et al., 2021; Servettaz et al., 2023).

Simulating the surface temperature inversion in polar regions can be difficult. For instance, in Arctic regions, CMIP6 global

climate models (GCMs) often overestimate inversion strength during winter (Hahn et al., 2021). To improve confidence in65

simulating the Antarctic atmospheric boundary layer in this analysis, we dynamically downscale the GCMs we study using

the Modèle Atmosphérique Régional (MAR), which is a regional climate model (RCM) specializing in polar regions. MAR

improves the horizontal resolution as well as the vertical resolution in the lower atmosphere to better simulate features like

topographic and boundary-layer gradients (Davrinche et al., 2025). Additionally, its physical processes are adapted to polar

regions, such as its representations of surface snow density, roughness length, cloud microphysics, and turbulence (Gallée,70

1995; Agosta et al., 2019; Amory et al., 2021). MAR has been shown to reliably simulate Antarctic climate. For example,

MAR reduces GCM biases in Antarctic near-surface wind speed when used to downscale the four GCMs used in this study

(Davrinche et al., 2025), and it successfully represents Antarctica’s surface mass balance (Agosta et al., 2019). Gilbert et al.

(2026) find that an ensemble of RCMs, including MAR, is better at simulating Antarctic near-surface conditions than ERA5

reanalysis data. These results show benefits of using MAR to model Antarctic boundary layer conditions.75

The goal of this study is to characterize the contribution of the inversion layer to Antarctic warming and amplification. To

accomplish this, we simulate the Antarctic boundary layer in four CMIP6 GCMs dynamically downscaled using MAR. This

allows us to quantify the proportion of projected 21st-century Antarctic near-surface warming that is caused by the change

in the strength of the surface temperature inversion under the Shared Socioeconomic Pathway SSP5-8.5. Additionally, we

characterize the relationship between the Antarctic surface temperature inversion and two processes which could drive warming80

by weakening the inversion strength: stable stratification over the Antarctic continent and sea ice loss in the surrounding ocean.

Understanding how the inversion strength changes over time has important implications for explaining discrepancies between

paleoclimate proxy records of temperature and clarifying the drivers of polar amplification in Antarctica.

2 Methods

2.1 Climate simulations85

To study how the surface temperature inversion contributes to Antarctic warming and amplification, we use data from Davrinche

et al. (2025), who dynamically downscaled simulations from four GCMs using MAR. All four GCMs participated in CMIP6,

the most recent Coupled Model Intercomparison Project (Eyring et al., 2016). Our study area is a 6125 km × 5145 km rectan-

gle. It extends from 90◦ S to approximately 55◦ S in latitude at its northernmost points in its corners, thus encompassing the

entire Antarctic continent and a sizeable portion of the surrounding ocean.90
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Table 1. Description of selected GCMs based on Table 2 from Davrinche et al. (2025). Information includes model name, institution of

origin, horizontal resolution (Williams et al., 2024), and global equilibrium climate sensitivity (ECS) (Flynn and Mauritsen, 2020). SICi

represents mean July sea ice concentration (SIC) averaged across all grid cells south of 60◦ S from 1980–2000. SICf represents the same

measurement for 2080–2100. ∆SIC represents the difference between the mean July 1980–2000 SIC and the mean July 2080–2100 SIC in

each grid cell, averaged across the same region. The SIC data are from each GCM before downscaling.

Model Institution Resolution (km) ECS SICi (%) SICf (%) ∆SIC (%)

UKESM1-0-LL MOHC/NERC/NIMS-KMA/NIWA 250 5.31 62 29 −34

IPSL-CM6A-LR IPSL 250 4.50 72 44 −28

CNRM-CM6-1 CNRM-CERFACS 250 4.81 61 18 −43

MPI-ESM1-2-HR MPI-M/DWD DKRZ 100 2.84 44 27 −17

2.1.1 CMIP6 global climate models

This study uses data from four CMIP6 GCMs: UKESM1-0-LL (Sellar et al., 2019), IPSL-CM6A-LR (Boucher et al., 2020),

CNRM-CM6-1 (Voldoire et al., 2019), and MPI-ESM1-2-HR (Mauritsen et al., 2019). Throughout this study, we refer to

these models as UKESM, IPSL, CNRM, and MPI, respectively. These models were originally chosen due to their effective

simulation of polar climate (Davrinche et al., 2025). Additionally, they simulate a variety of equilibrium climate sensitivity95

(ECS) values for the planet. For instance, UKESM has a particularly high ECS while MPI has a weak ECS (Table 1). The

models also show different trends in 21st-century sea ice loss, from high sea ice loss reported by CNRM to low sea ice loss

reported by MPI (Table 1).

2.1.2 Regional downscaling

The GCM simulations are dynamically downscaled using the regional climate model MAR, a hydrostatic polar-oriented model100

(Gallée and Schayes, 1994; Gallée, 1995) that is well suited for the study of Antarctic climate (Agosta et al., 2019; Amory

et al., 2021; Davrinche et al., 2024). This study uses MAR v3.11 and the model setup is described in Kittel et al. (2021)

and Davrinche et al. (2024). In the horizontal, MAR uses the standard Antarctic polar stereographic grid at 35 km resolution

(EPSG:3031). The resulting study area is a grid of 176 by 148 cells. In the vertical, MAR uses 24 hybrid levels extending

from approximately 2m above the surface to about 16 km, with eight levels below 100m. Throughout this study, we consider105

the lowest σ level (about 2m) as the near-surface level. The simulations have fixed topography from Bedmap2, which also

provides the ice and rock masks (Fretwell et al., 2013).

To downscale each GCM, MAR’s boundaries are forced with climatological data from the GCMs at 6h intervals and outputs

are generated at 3 h intervals. The decomposition of potential temperature (Sect. 2.2.1) is then calculated using the 3 h data,

but throughout this study, we use monthly averages of all data. Nudging is applied from the model top down to approximately110

500 hPa (level 16), leaving the lower 15 levels free to evolve according to the model physics. The top of the atmosphere in
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Figure 1. In winter, Antarctic near-surface temperature is coldest, and Antarctic warming peaks. The subplots show mean monthly near-

surface temperature (T ) during 1980–2000 (labelled as "Present") and 2080–2100 (labelled as "Future") alongside the change in near-surface

temperature from present to future (∆T ) by study region. Data are reported for IPSL before downscaling under SSP5-8.5, and are regridded

to this study’s 35 km grid using bilinear interpolation. Ranges represent the minimum and maximum temperature in any grid cell.

MAR is forced with temperature and wind above about 10 km while its lateral edges are forced with pressure, temperature,

wind components, and specific humidity. It is also forced with sea ice concentration and sea surface temperature at the ocean–

atmosphere interface. MAR is forced with one member from each GCM (r1i1p1f1 for IPSL and MPI, and r1i1p1f2 for UKESM

and CNRM). For more information, Davrinche et al. (2025) offer the original description of the downscaling procedure. All115

non-downscaled GCM data in this study come from publicly available CMIP6 multi-model output (Sect. S7). When referring

to a downscaled GCM simulation, we use the corresponding GCM’s abbreviation preceded by "MAR-" (e.g., MAR-UKESM).

2.1.3 Temporal range of simulations

Our study focuses exclusively on July because of the month’s notable surface inversions and the strong warming projected in

Antarctic winter. Throughout the year, Antarctic monthly mean near-surface temperature ranges from approximately −18 ◦C120

to 0 ◦C over sea ice and from −47 ◦C to −20 ◦C over the continent during the 1980–2000 period in IPSL prior to downscaling.

The temperature reaches its minimum in approximately July and August (Fig. 1). Accordingly, temperature inversions in

Antarctica are generally strongest during the winter (Connolley, 1996). At the same time, near-surface warming in and around

Antarctica is expected to peak in austral winter with climate change (Fig. 1). This trend aligns with recent research showing
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that CMIP6 models project greater Antarctic warming in winter compared to summer with future anthropogenic emissions125

(Cai et al., 2021) and that Antarctic warming peaks in winter after quadrupling atmospheric CO2 (Hahn et al., 2021). As a

result, since we are studying the inversion layer’s role in warming, we focus on the month of July when warming is high and

the surface inversion is strong and well defined.

To characterize Antarctic warming and amplification throughout the 21st century, we analyze model outputs from two 21-

year time periods as in Bracegirdle et al. (2020). The first time period is 1980–2000, which we call the "present-day" period,130

and the second is 2080–2100, which we call the "future" period. Section S1.1 and Table S1 explain additional details about

data availability in each period. Throughout this study, a variable symbol preceded by the ∆ symbol represents the mean value

of that variable averaged across July 2080–2100 minus the mean value of that variable averaged across July 1980–2000. We

refer to this calculation as the "21st-century change" in the variable.

We conduct the simulations under the SSP5-8.5 emissions scenario. This is the highest emissions scenario run by the Inter-135

governmental Panel on Climate Change (IPCC) and it represents a worldwide radiative forcing of 8.5Wm−2 by 2100, and

average global warming of 4.8 ◦C by the end of the 21st century compared to 1850–1900 (IPCC, 2023). When comparing

non-downscaled CMIP6 data to the MAR runs, we use data from the CMIP6 historical and SSP5-8.5 experiments (Eyring

et al., 2016; O’Neill et al., 2016).

2.2 Climate variables140

2.2.1 Potential temperature and potential temperature deficit

To study near-surface warming, we analyze potential temperature (θ) at the lowest σ level in our simulations, which is about

2m above the surface. Potential temperature is conserved when air undergoes adiabatic changes in elevation. This renders

it helpful for comparing temperature between different locations in Antarctica given that the continent has large elevation

gradients. Using the procedure from Davrinche et al. (2024) based on van den Broeke and van Lipzig (2003), we separate145

near-surface θ into the background potential temperature (θ0) and the potential temperature deficit (Dθ), where θ = θ0 +Dθ

(Dθ is the same as ∆θ in Davrinche et al. (2024)). θ0 is calculated by linearizing the free atmosphere’s potential temperature

profile then extrapolating it downward. Dθ represents the deviation of θ from θ0 near the surface and must always be non-

positive. We describe the potential temperature decomposition in further detail in Appendix A. Since radiation loss from

the Antarctic surface causes surface temperature inversions resulting in persistent near-surface temperature deficits (Phillpot150

and Zillman, 1970; van den Broeke and van Lipzig, 2003), we interpret the temperature deviation term Dθ as the inversion

strength, following Bintanja et al. (2014). This definition is useful over Antarctica because calculating the inversion strength

as the temperature difference between the surface and a certain pressure level (e.g., Ruman et al., 2022) is complicated by the

continent’s large elevation gradients.
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2.2.2 Sea ice concentration155

Over the ocean, the four GCMs simulate sea ice concentration (SIC), which is a boundary condition for MAR. SIC represents

the percentage of a grid cell covered in sea ice. At high SIC values, our data contain artefacts in SIC measurements because

the maximum SIC threshold in MAR is 95 %.

2.2.3 Static stability

We measure atmospheric stability using the squared Brunt–Väisälä frequency (N2). This is calculated as N2 = g
θ
∂θ
∂z , where g is160

the acceleration due to gravity and z is altitude. Positive N2 represents statically stable conditions and negative N2 represents

statically unstable conditions. Following Stull (2017), we approximate N2 as

N2 =
g

θ

θ8 − θ1
z8 − z1

(1)

where θ1 and θ8 are the potential temperatures at the first and eighth σ layers above the surface, z1 and z8 are the heights

of the first and eighth σ layers above the surface, and θ = θ1+θ8
2 . The first σ layer is about 2m above the surface and the165

eighth σ layer is about 100m above the surface. By approximating N2 up to the eighth layer, we aim to characterize the static

stability throughout the lower atmosphere. Figure S1 shows that our estimates of N2 are not sensitive to the choice of the top

atmospheric layer (Sect. S1.2).

2.2.4 Turbulent kinetic energy

Turbulent kinetic energy (TKE) represents the kinetic energy contained within turbulent atmospheric motions, calculated per170

unit mass (Stull, 1988; Holtslag, 2015). Given that greater TKE represents more energy contained in turbulent motions, we

interpret TKE as a proxy for turbulent mixing. Since we are interested in the turbulent mixing near the surface, we quantify

mixing as mean TKE from the first to the eighth σ layer above the surface, calculated as follows:

TKE =

∫ z8
z1

TKE(z)dz

z8 − z1
. (2)

For the remainder of the study, we omit the overline symbol from TKE and refer to the estimate as TKE. Figure S2 shows that175

our quantification of TKE is not sensitive to the choice of top atmospheric layer (Sect. S1.2).

2.2.5 Quantifying the contribution of the inversion to warming

In Sect. 3.2, we calculate the contribution of the change in the inversion strength to Antarctic warming by grid cell as follows:

f(∆θ,∆θ0,∆Dθ) =





∆Dθ

∆θ0
if∆Dθ < 0

∆Dθ

∆θ if∆Dθ ≥ 0.
(3)

When ∆Dθ ≥ 0, its contribution to warming is simply the ratio of the change in the inversion strength to the total potential180

temperature change. However, when ∆Dθ < 0, the contribution of ∆Dθ to warming becomes the ratio of the change in the

inversion strength to the warming that would occur without the Dθ effect (i.e., the background warming ∆θ0).
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Additionally, in Sect. 3.2, we calculate the polar amplification factor (PAF) as ∆θlocal/∆θglobal (Bintanja et al., 2012; Previdi

et al., 2020). ∆θlocal represents the July warming at a grid cell (Swain et al., 2026). ∆θglobal represents the mean July 2080–

2100 near-surface potential temperature minus the mean July 1980–2000 near-surface potential temperature averaged across185

the whole globe. ∆θglobal is calculated from CMIP6 temperature and pressure data for each GCM before downscaling.

2.3 Regions of study

We divide Antarctica into three regions: ice shelves, escarpment, and plateau. The ice shelves are defined as continental grid

cells with less than 50 % grounded ice and maximum elevation 200m above sea level. Selecting 200m excludes grid cells with

unreasonably high elevations. Remaining continental grid cells with a maximum elevation of 2300m are defined as escarpment,190

and those with an elevation greater than 2300m are defined as plateau. This threshold is from Davrinche et al. (2024).

In the ocean, the sea ice region represents oceanic grid cells with at least 15 % SIC in July averaged over the present-day

period (Boeke et al., 2021). Within this region, we also define a permanent sea ice cover region (PSIC). This includes all grid

cells containing over 90 % SIC in July averaged over each of the present-day and future periods. We categorize the rest of the

ocean in our study area as open ocean.195

2.4 Statistical analysis

2.4.1 Spatial correlation

In Sect. 3.1 and 3.4, we calculate the correlation between climatological variables across spatial regions. To perform spatial cor-

relation analyses, we calculate Spearman’s rank correlation coefficient (rs) on grid cell data (Spearman, 1904; Haining, 1991).

We chose rs due to the presence of non-linear associations between some variables. Calculating the statistical significance of200

rs values without accounting for the spatial nature of the data results in incorrect p-values due to large-scale spatial trends and

positive spatial autocorrelation (Haining, 1991). To avoid this, we follow the procedure described by Haining (1991) to test the

significance of rs calculated with spatial data. In our correlations, each data point corresponds to a grid cell. First, we detrend

the data with respect to continental elevation via linear regression to minimize spurious correlations between quantities that

follow similar patterns with elevation (Dale and Fortin, 2014). We test each rs value for statistical significance at the 95 % sig-205

nificance level by implementing a modified t-test which accounts for spatial autocorrelation by calculating an effective sample

size using SpatialPack (Clifford et al., 1989; Dutilleul et al., 1993; Vallejos et al., 2020). We use Sturges’ Rule to calculate the

number of classes in the modified t-test (Legendre and Legendre, 2012; Vallejos et al., 2020).

2.4.2 Testing temporal trends

To test whether climatological data at each grid cell or across a whole region are significantly different between July 1980–210

2000 and July 2080–2100, we group the yearly data into present-day and future categories, then we use the Kruskal–Wallis

test with a 95 % significance level (Kruskal and Wallis, 1952; Davrinche et al., 2025). Within each time-period grouping, we

assume that data points for individual years are independent.
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2.5 Regression models

2.5.1 Analysis of the influence of sea ice on the surface inversion215

We fit a quadratic regression model to the present-day July SIC and Dθ grid cell data over the ocean from each downscaled

GCM simulation. The models are in the form Dθ = a·SIC2+b·SIC+c, and each data point used in training a model represents

the mean July values of Dθ and SIC averaged over 1980–2000 at a grid cell. We then use these regression models to predict

mean Dθ per grid cell for July 2080–2100 solely from SIC data. To do this, we calculate ∆Dθ = 2a·∆SIC·SICi+a·(∆SIC)2+

b ·∆SIC where ∆SIC = SICf − SICi. SICi represents mean July 1980–2000 SIC and SICf represents mean July 2080–2100220

SIC per grid cell. Therefore, we can predict the mean July Dθ for 2080–2100 at each grid cell as Dθ,f =Dθ,i +∆Dθ where

the subscripts i and f have the same meanings as above. We set all positive predicted Dθ,f values to 0K, since Dθ > 0K

cannot occur according to the variable’s definition. The selection of the prediction regions for both the present-day quadratic

regressions and the predictions of future Dθ are explained in the Supplement (Sect. S1.3).

2.5.2 Analysis of the influence of static stability on the surface inversion225

Similarly, for each downscaled GCM, we fit a linear regression model to the mean present-day N2 and ∆Dθ grid cell data

by continental region to assess how well present-day static stability predicts the change in the surface temperature inversion.

Over the ice shelf region, a small number of coastal grid cells strongly skew the regressions due to their unusually high ∆Dθ

values. This appears to be driven by high warming occurring over the ocean, which we later attribute to sea ice loss (Sect. 3.3).

Therefore, we only train our ice shelf regression models on grid cells in the Ronne and Ross Ice Shelves. We further limit the230

prediction grid cells to cells with ∆Dθ values under 4.1K, which removes any anomalously high values of ∆Dθ remaining.

2.5.3 Model evaluation

We quantify the success of the present-day SIC–Dθ regression models using mean absolute error (MAE) and mean absolute

percentage error (MAPE). To quantify the success of these models at predicting future Dθ, we calculate their MAE and MAPE

with respect to their corresponding downscaled GCM outputs for July 2080–2100. We quantify the success of our N2–∆Dθ235

regression models using MAE and median absolute error. MAPE is not useful for these regressions because some grid cells

have very low magnitudes of ∆Dθ which could yield extremely high absolute percentage error values.

We perform spatial cross-validation when calculating these performance metrics to assess the predictive ability of our models

on unknown data (Sun et al., 2023). We use the scikit-learn KMeans algorithm to divide the ice shelf region into six distinct

clusters and the plateau, escarpment, and sea ice regions into five clusters each (Pedregosa et al., 2011). Our cross-validation240

and block selection procedures are further explained in the Supplement (Sect. S1.4). We perform spatial cross-validation instead

of random cross-validation because spatial autocorrelation causes random cross-validations to underestimate model error when

predicting hidden testing data (Roberts et al., 2017).
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Figure 2. Near-surface July potential temperature (θ) climatology in Antarctica and the surrounding ocean, averaged over 1980–2000. (a)

Potential temperature downscaled by MAR and (b) non-downscaled potential temperature (θGCM) minus downscaled potential temperature

(θMAR).

3 Results

3.1 Spatial patterns in Antarctic boundary layer variables245

First, we report the spatial patterns of several climate variables that are important to our analysis. Figure 2a shows that θ is

coldest over the ice shelves and plateau but warmer on the steep escarpment. Over the ocean, θ increases with greater distance

from the continent. Figure 2b depicts the bias in θ in CMIP6 compared to the corresponding MAR simulations, indicating that

these CMIP6 models overestimate θ in the Southern Ocean and underestimate θ on the Antarctic continent compared to MAR.

The θ pattern in Fig. 2a aligns well with the presence of sea ice, shown in Fig. 3a. From July 1980–2000 to 2080–2100, there250

is a ring of high sea ice loss around Antarctica in all the downscaled models (Fig. 3b). We later show the importance of this

annular pattern in controlling warming and amplification (Sect. 3.3).

Our temperature decomposition shows that the July surface temperature inversion is both strong and omnipresent throughout

Antarctica. On the continent, it is generally strongest over the plateau and ice shelves, while it weakens over the steeper

escarpment region (Fig. 4, 5). Over the sea ice, the inversion decays gradually with increasing distance from the continent. Past255

the edges of the sea ice, the inversion becomes very weak over the open ocean (Fig. 4).
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Figure 3. Sea ice concentration (SIC) climatology by downscaled GCM simulation. (a) Mean July SIC for 1980–2000, and (b) change in

mean July SIC between 1980–2000 and 2080–2100 (∆SIC). In (b), the sea ice contour indicates the northernmost sea ice edge position for

a threshold of 15 % SIC.

3.1.1 Spatial patterns of the surface inversion over the continent

Spatially, stronger inversions are associated with higher N2 and lower TKE over the continent (Fig. 4, 5). Dθ, N2, and

TKE are particularly well correlated over the ice shelves, where the pairwise rs values between the three variables range in

magnitude from 0.84 to 0.89 in the multi-model mean (Table 2). The variables are also strongly associated over the plateau260

with multi-model mean rs magnitudes of 0.68 to 0.76. They are more weakly correlated over the escarpment with multi-model

mean rs magnitudes of 0.39 to 0.68, but the correlations remain significant across all regions and models when reporting the

correlations for each individual downscaled simulation (Table S2). This aligns with the ability of surface inversions to increase

atmospheric stability and reduce turbulent mixing, as explained in the Introduction. The two transects we plot in Fig. 5 also

show how stronger inversions are associated with stronger stability and weaker turbulent mixing. However, TKE is not entirely265

controlled by stratification: It is also strongly correlated with near-surface wind speed given that the multi-model mean rs

between these two variables ranges from 0.93 to 0.95 among regions (Table 2). Higher wind speeds are known to promote

mechanical turbulence. Strong winds disrupt the inversion layer by mixing the inversion’s cold near-surface air and the warmer

air above it (Pietroni et al., 2014; Yang et al., 2025). Both stratification and wind are important controls on turbulent mixing.
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Figure 4. Climatology of the present-day inversion layer over Antarctica. Each data point is averaged across July 1980–2000 in MAR-IPSL.

The top row depicts spatial patterns of the potential temperature deficit (Dθ), static stability (N2), and turbulent kinetic energy (TKE). The

sea ice contour indicates the northernmost sea ice edge position for a threshold of 15 % SIC. The diagonal subplots from the second to fourth

row show the distribution of grid cell values for each variable by region. The remaining subplots depict bivariate relationships for grid cell

data by region. Please see Fig. S3–S5 for the other downscaled GCMs.
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Figure 5. The covariation of inversion layer variables along two Antarctic transects. The top row shows the transect over West Antarctica and

the Ronne Ice Shelf (WA), where (a) depicts the potential temperature deficit (Dθ) by altitude above sea level and (b) shows the variation of

Dθ , static stability (N2), and turbulent kinetic energy (TKE) along the transect. The bottom row shows the transect over Adélie Land (AL)

from Davrinche et al. (2024), where (c) and (d) depict the same variables as the top row. SI represents sea ice, IS represents ice shelf, ES

represents escarpment, and PL represents plateau. Data are from MAR-IPSL.

Table 2. Spearman’s rank correlation coefficient (rs) calculated for pairs of inversion variables by Antarctic region. Dθ is the potential

temperature deficit, N2 is static stability, TKE is turbulent kinetic energy, and WS is near-surface wind speed at the third σ level (approx-

imately 8m above the surface). The spatial correlations are calculated using the mean July 1980–2000 grid cell data from the downscaled

GCMs. Each cell represents the multi-model mean rs. All correlations from each downscaled GCM are statistically significant at the 95 %

significance level (Table S2).

Region Dθ–N2 Dθ–TKE N2–TKE TKE–WS

Plateau −0.71 0.68 −0.76 0.95

Escarpment −0.56 0.39 −0.68 0.94

Ice shelves −0.89 0.84 −0.88 0.93
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Figure 6. Greater July sea ice concentration (SIC) predicts stronger potential temperature deficit (Dθ) in the ocean surrounding Antarctica.

Each data point is averaged across 1980–2000. "Full regression" represents the non-cross-validated regression calculated using all the avail-

able data while "CV Train" represents quadratic regressions generated from training data during five-fold cross-validation. Low values of Dθ

are cut off to improve readability.

3.1.2 Spatial patterns of the surface inversion over the ocean270

Over the sea ice, Dθ decreases in magnitude with decreasing SIC and reaches near-zero values at the edges of the sea ice region

(Fig. 4). This is because exposing open ocean warms the atmosphere by raising the ocean-to-atmosphere heat flux, which

destabilizes the inversion layer (Screen and Simmonds, 2010; Pavelsky et al., 2011; Rinke et al., 2013; Zhang et al., 2021). We

demonstrate the strong control that SIC exerts on Dθ by fitting quadratic regression models to present-day downscaled grid

cell data for SIC and Dθ. This yields a negative quadratic relationship between SIC and Dθ which is consistent across models275

and well replicated by cross-validation, as shown in Fig. 6 and quantified in Table S3. Our evaluation of the regression models

in Table S4 shows that SIC is a reliable predictor of Dθ given the low error in the models (MAE = 1.02–1.34K, MAPE = 23–

30 %). We conclude that SIC is important in determining the spatial patterns of Dθ in the ocean around Antarctica.
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Table 3. 21st-century warming metrics in Antarctica and the surrounding ocean. Change in potential temperature (∆θ), change in background

potential temperature (∆θ0), change in potential temperature deficit (∆Dθ), the contribution of ∆Dθ to warming, and the polar amplification

factor (PAF) from July 1980–2000 to July 2080–2100 averaged across each Antarctic region under SSP5-8.5. Each unbracketed value

represents the multi-model mean of the downscaled GCMs and is reported with the lowest and highest downscaled GCM estimates in

brackets. The regional ∆θ, ∆θ0, and ∆Dθ averages are statistically significant at the 95 % significance level in all the listed regions across

all downscaled GCMs (Table S5).

Region ∆θ (K) ∆θ0 (K) ∆Dθ (K) ∆Dθ contribution (%) PAF

Plateau 6.5 [5.6, 7.9] 5.2 [4.0, 6.5] 1.3 [0.9, 1.6] 20 [14, 28] 1.4 [0.9, 1.7]

Escarpment 5.5 [4.0, 6.3] 4.9 [3.3, 5.7] 0.6 [0.5, 0.7] 11 [7, 16] 1.1 [0.9, 1.3]

Ice shelves 6.9 [4.8, 8.6] 5.3 [3.4, 6.3] 1.7 [1.2, 2.2] 23 [16, 26] 1.4 [1.2, 1.7]

Sea ice 9.1 [5.4, 12.8] 4.7 [3.2, 6.0] 4.3 [2.2, 6.8] 41 [34, 49] 1.8 [1.5, 2.6]

Continent 6.2 [4.8, 7.1] 5.1 [3.7, 6.1] 1.1 [0.9, 1.2] 16 [13, 23] 1.3 [1.0, 1.5]

Continent+sea ice 7.6 [5.1, 9.6] 4.9 [3.4, 5.7] 2.7 [1.7, 3.8] 28 [25, 32] 1.5 [1.3, 2.0]

3.2 Contribution of the change in inversion strength to Antarctic warming

This section quantifies the contribution of the change in potential temperature deficit to the total near-surface warming over the280

Antarctic continent and surrounding ocean. Across all downscaled models, the near-surface potential temperature warms by

7.6 [5.1, 9.6]K over the continent and sea ice (Table 3), where the bracketed numbers represent the minimum and maximum

values reported among the four downscaled GCMs. There is notable spatial variability in the warming signal (Fig. 7a). It is

particularly high over the sea ice compared to the continent. On the continent, the plateau and ice shelves experience high

warming while the escarpment’s warming appears lower (Table 3). The background potential temperature warming signal285

(∆θ0) is relatively uniform and almost entirely statistically significant in all four models (Fig. 7b). By contrast, ∆Dθ is highly

variable in space (Fig. 7c). In all four models, there is a full or partial ring of statistically significant ∆Dθ over the sea ice with

mean warming of 4.3 [2.2, 6.8]K (Table 3). We attribute this warming to sea ice loss in Sect. 3.3. ∆Dθ appears much lower

over the continent, at 1.1 [0.9, 1.2]K (Table 3). We investigate the relationship between the lapse-rate feedback and the ∆Dθ

pattern over the continent in Sect. 3.4.290

We further calculated the warming contributions of background warming and the change in the inversion strength. In all

models, the mean value of the warming signal is largely determined by background warming patterns (∆θ0). However, the

spatial variability in the warming is mainly explained by the surface processes driving the spatial pattern in ∆Dθ. Over the

continent, ∆Dθ explains 16 [13, 23] % of the overall near-surface warming, while over the sea ice, it explains 41 [34, 49] %

of the near-surface warming (Table 3). This disproportionate influence of the inversion contribution in the ocean is depicted295

in Fig. 7d. This suggests that surface processes substantially amplify Antarctic near-surface warming beyond the background

warming signal, especially over the sea ice.
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Figure 7. The surface temperature inversion drives spatial variability in near-surface Antarctic warming. (a) Change in potential temperature

(∆θ), (b) change in background potential temperature (∆θ0), (c) change in potential temperature deficit (∆Dθ), (d) the contribution of

∆Dθ to warming, and (e) polar amplification factor (PAF) over the surface of Antarctica and the surrounding ocean in July from 1980–2000

to 2080–2100 under SSP5-8.5. Each column represents data from one GCM downscaled by MAR. The first three rows report statistical

significance at the 95 % significance level. The sea ice contour indicates the northernmost sea ice edge position for a threshold of 15 % SIC.
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Since ∆Dθ drives spatial variability in ∆θ, it also strongly influences spatial variation in the polar amplification signal. This

is evidenced by the alignment between the spatial patterns in Fig. 7c and 7e. The amplification appears highest over the sea ice

with a PAF of 1.8 [1.5, 2.6] compared to 1.3 [1.0, 1.5] over the continent because of the strong warming effect of sea ice loss300

(Sect. 3.3, Table 3). Over the continent, the amplification may be slightly higher over the plateau and ice shelves, where PAF is

1.4 [0.9, 1.7], than over the escarpment region, where PAF is 1.1 [0.9, 1.3] (Table 3). In summary, the large-scale background

potential temperature explains 72 [68, 75] % of near-surface warming in Antarctica throughout the 21st century under SSP5-8.5

and primarily sets the magnitude of the warming. Meanwhile, changes in the inversion strength explain 28 [25, 32] % of the

warming and drive spatial variability in Antarctic near-surface warming and amplification (Fig. 7, Table 3). In the following305

sections, we investigate possible mechanisms responsible for this variability.

3.3 Contribution of sea ice loss to near-surface warming over the ocean

In this section, we describe how sea ice loss explains the strong near-surface warming in the ocean surrounding Antarctica.

In Sect. 3.1.2, we observe that SIC is a strong predictor of Dθ over the ocean as expected based on the negative relationship

between ocean–atmosphere heat flux and SIC. This spatial relationship should also apply temporally as sea ice is lost and310

exposes more of the ocean surface to the atmosphere. Namely, our present-day quadratic regressions of Dθ versus SIC should

also predict future Dθ based on the present-day and future SIC. Indeed, Fig. 8 and S6 show that ∆Dθ is well predicted

qualitatively by ∆SIC and present-day SIC. Furthermore, Table S6 shows that the quadratic regression models offer reasonable

first-order predictions of Dθ over the ocean in July 2080–2100 given the low model error: The multi-model mean MAE

is 0.75K and, excluding MAR-UKESM, the multi-model mean MAPE is 24 % (MAR-UKESM has an unreasonably high315

MAPE that is likely skewed by grid cells with low Dθ magnitudes). The satisfactory model performance is further justified

by the fact that the multi-model mean future Dθ predicted by the regression models (−2.7 K after averaging across prediction

regions) is close to the mean future Dθ (−3.0 K) generated by the downscaled GCMs (Table S6). These results confirm that

sea ice loss is an important control on the ∆Dθ signal.

Additionally, there are consistent residuals left unexplained by the regressions (Fig. S7). We find that the quadratic models320

tend to overestimate the weakening of the inversion compared to the downscaled GCMs (Table S6, Fig. S6, S7). Notably, the

models often underestimate the inversion strength near the Antarctic Peninsula while overestimating it off the coast of East

Antarctica. This pattern might be caused by cold air draining off the PSIC and the continent near the Antarctic Peninsula (Parish

and Bromwich, 1998), in particular from the Ronne Ice Shelf, which may buffer warming from sea ice loss. To conclude, sea

ice loss controls the change in inversion strength over the ocean surrounding Antarctica. It is responsible for the ring of high325

warming and amplification off the Antarctic coast. Consequently, 21st-century Antarctic warming will be strongly affected by

the future pattern of sea ice loss.

3.4 Contribution of the lapse-rate feedback to continental near-surface warming

We now turn to examine what contributes to the change in the inversion strength over the continent. The lapse-rate feedback

is an important amplifier of near-surface warming in polar regions, so it may explain spatial variability in the weakening of330
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Figure 8. Predicting the 21st-century change in July inversion strength (∆Dθ) from the change in sea ice concentration (∆SIC) and present-

day sea ice concentration (SICi). Data are shown for MAR-IPSL only (all models are shown in Fig. S6). The depicted regression model is

the full regression prior to cross-validation calculated from all available data. It is derived from the present-day relationship between Dθ

and SIC (Sect. 3.1.2) and is superimposed on grid cell data. In each subplot, only grid cell data with the mean July 1980–2000 SICi values

indicated above the subplot are plotted, and that subplot’s predictions are calculated using the mean value of the corresponding SICi range

(e.g., SICi = 7.5 % is used to generate the regression predictions in the top left subplot).

the surface inversion. Consequently, we expect regions with strong inversions and therefore high near-surface static stability

in the present day to show greater weakening of the surface inversion during the 21st century. Indeed, the correlation coeffi-

cients between these variables in Table 4 confirm this. In the multi-model mean, rs between ∆Dθ and present-day Dθ ranges

from −0.47 to −0.58 across the continental regions. Likewise, rs between ∆Dθ and N2 ranges from 0.42 to 0.45. These

relationships are consistent across downscaled GCMs (Table S7).335

To further characterize this relationship, we fit a linear regression model to ∆Dθ and N2 in each region and for each

downscaled GCM to assess whether stable stratification can reliably predict the weakening of the inversion. The coefficients of

these regressions are shown in Table S8. Over the plateau, N2 is successful at predicting ∆Dθ to a first order (Fig. 9a). Across

the downscaled GCMs, the multi-model mean regression MAE is 0.60K and the median absolute error is 0.56K compared to

predicted ∆Dθ values of about 0K to 3K. We interpret this as sufficiently low error to show that N2 is a first-order predictor340

of ∆Dθ. The regressions strongly underestimate warming in Wilkes Land in MAR-UKESM, MAR-CNRM, and MAR-MPI,

while they often overestimate warming close to the Ross Ice Shelf near the South Pole (Fig. S8a). Stable stratification is also

a first-order predictor of ∆Dθ over the Ronne and Ross Ice Shelves (Fig. 9c). In this region’s regressions, the multi-model

mean MAE is 0.68K and median absolute error is 0.63K compared to predicted ∆Dθ values of about 0K to 3K. Similar
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Table 4. Stronger inversions and greater atmospheric stability in the present day are associated with greater weakening of surface inversions.

Spearman’s rank correlation coefficient (rs) is reported in the downscaled multi-model mean for the 21st-century change in inversion strength

(∆Dθ) with both the present-day inversion strength Dθ and static stability N2. All correlations in each downscaled GCM are statistically

significant at the 95 % significance level except in the plateau for MAR-UKESM (Table S7).

Region ∆Dθ–Dθ ∆Dθ–N2

Plateau −0.50 0.42

Escarpment −0.58 0.42

Ice shelves −0.47 0.45

to the plateau, this error is low enough to show that N2 predicts ∆Dθ to a first order. Unlike the plateau, there are no clear345

consistent patterns in the regression residuals over the ice shelves (Fig. S8c). Over the escarpment, stable stratification is a

poor predictor of ∆Dθ (Fig. 9b). This is clear from the multi-model mean MAE of 0.61K and median absolute error of

0.52K in the corresponding regressions because the error magnitude is similar to the range of ∆Dθ values predicted (about

0 to 2K). This could be because surface inversions and stratification are generally weaker over the escarpment to begin with,

so the lapse-rate feedback may not be the dominant process driving near-surface warming. The error is generally consistent350

between different numbers of cross-validation folds and between downscaled GCMs, although MAR-CNRM and MAR-MPI

have notably high error on the ice shelves (Table S9). In conclusion, correlation and linear regression analyses indicate that the

lapse-rate feedback amplifies the weakening of the inversion over the Antarctic continent. This contributes to spatial variability

in near-surface warming and polar amplification beyond the mean background signal.

3.5 Inter-model variability in warming and amplification355

In this section, we compare warming and amplification patterns between downscaled models. Over the ocean, there is notable

inter-model variability in the local warming and amplification (Fig. 7, Table S5). The warming sensitivity to sea ice loss

appears similar between models considering that the spatial Dθ sensitivity to SIC is robust across models (Fig. 6e). Instead, the

variability in warming over the ocean and, in turn, the entire study area appears closely related to the magnitude of sea ice loss

as ∆Dθ seems to decrease with decreasing sea ice loss (Fig. 10). For instance, the high total ∆Dθ in MAR-CNRM is clearly360

driven by its exceptionally high sea ice loss. The ECS values of the GCMs are not reliable predictors of their downscaled ∆Dθ

and ∆θ values, which are instead more closely related to each model’s sea ice behaviour. In particular, MAR-UKESM reports

lower ∆Dθ and ∆θ than MAR-CNRM over the sea ice and continent together despite UKESM’s higher global ECS (Table

S5). The sea ice loss in a model also influences its polar amplification. Notably, MAR-CNRM’s high total PAF is still driven by

its high sea ice loss despite normalizing local warming by global warming. By contrast, despite its somewhat high total ∆Dθ,365

the PAF in MAR-UKESM scales with MAR-IPSL and MAR-MPI (Fig. 10). Overall, the sea ice loss pattern drives changes in

the inversion strength and polar amplification.
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Figure 9. Predicting the 21st-century change in the July potential temperature deficit (∆Dθ) from mean present-day July static stability

(N2). Plots depict the (a) plateau, (b) escarpment, and (c) Ronne and Ross Ice Shelves. "Full regression" represents the non-cross-validated

regression calculated using all the available data while "CV Train" represents linear regressions generated from training data during cross-

validation.

Over the continent, inter-model variability in the lapse-rate feedback could explain variability in warming between down-

scaled models. For example, despite its high ECS, MAR-UKESM has weak warming over the plateau driven by low ∆Dθ

(Table S5). We attribute this to a weak lapse-rate feedback considering the low slope in MAR-UKESM’s linear regression of370

∆Dθ versus N2 (Fig. 9a, Table S8). Likewise, weak lapse-rate feedbacks over the ice shelves in MAR-IPSL and MAR-MPI

would explain their low ∆Dθ values over the ice shelves (Table S5) given the low ∆Dθ–N2 slopes in these simulations’ ice

shelves (Fig. 9c, Table S8). These low ∆Dθ values occur despite the high ECS in UKESM and IPSL, so ECS also appears to be

a somewhat poor predictor of continental near-surface warming for these four models. These results in ∆Dθ are not necessarily

shared by the polar amplification results. For instance, although the plateau in MAR-UKESM does in fact report particularly375

low PAF driven by its low ∆Dθ and high ECS, the PAF over the ice shelves is fairly similar across the models. The strong

normalizing effect of global warming in the PAF calculation dilutes the effects of ∆Dθ on PAF. To summarize, variability
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Figure 10. Mean 21st-century change in July potential temperature deficit (∆Dθ) and polar amplification factor (PAF) versus July sea ice

loss (∆SIC) throughout the whole study area.

in the strength of the lapse-rate feedback between downscaled GCM simulations may contribute to inter-model variability in

∆Dθ.

4 Discussion380

Our study reveals that surface processes are important in driving spatial variability in Antarctic near-surface warming and, in

turn, amplification. This is particularly true over the ocean surrounding Antarctica. Here, the change in the surface temperature

inversion is responsible for nearly half of the total warming in the Antarctic sea ice region (Table 3). Meanwhile, over the

continent, our results indicate that the lapse-rate feedback contributes substantially to Antarctic warming given that greater

∆Dθ is associated with higher present-day static stability (Sect. 3.4), which aligns with previous research (e.g., Graversen385

et al., 2014; Cai et al., 2021; Liu et al., 2022). However, sea ice loss contributes more strongly to Antarctic amplification than

the net effect of continental surface mechanisms (including the continental lapse-rate feedback) given the particularly high

Antarctic amplification reported over the sea ice (Table 3).

Explaining why the Arctic is expected to experience greater polar amplification than the Antarctic is an ongoing challenge

(e.g., Cai et al., 2021). For example, under transient CO2 doubling, Taylor et al. (2013) project that the surface of the northern390

polar region will warm 2.3 times more than the global average on an annual timescale while the southern polar region will

warm 1.6 times more. Stuecker et al. (2018) simulate Arctic warming under abrupt CO2 quadrupling that is 2.50 times greater

than tropical warming at an annual scale as opposed to Antarctic warming that is 1.70 times greater. During winter under

SSP5-8.5, Xie et al. (2022) report that the Arctic warms 1.38 times faster than the global mean while the Antarctic warms 1.18

times as fast. We report a multi-model mean PAF of 1.6 over the continent and sea ice, although we stress that the amplification395

values from the literature are calculated using various methods. Since the Arctic is mainly ocean, it may experience greater

amplification because of its greater relative area for sea ice loss given the strong contribution of sea ice loss to amplification. It
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Figure 11. Biases in potential temperature between downscaled and non-downscaled GCM simulations. θi,MAR and θf,MAR respectively

represent mean present-day and future July potential temperature (θ) in the downscaled GCM simulations. θi,GCM and θf,GCM represent the

same quantities prior to downscaling from CMIP6 data. The plots represent the entire study area. r indicates Pearson’s correlation coefficient.

would be valuable to repeat our analysis over the Arctic to quantify its amplification in comparison and identify drivers behind

its warming.

We also emphasize the value of downscaling when simulating the Antarctic boundary layer. Figure 2b shows that there400

are substantial biases in the non-downscaled potential temperature relative to the MAR simulations. If biases in temperature

between downscaled and non-downscaled GCMs remained constant over time, then both downscaled and non-downscaled

GCM simulations would produce the same warming estimates. However, Fig. 11 shows that these biases do not remain constant

from the present-day to future time period across the four GCMs we use. If they did, the figure would show all points lying

along a 1:1 line with r = 1 between present and future biases, where r is Pearson’s correlation coefficient. Instead, we observe405

some scatter, indicating that the biases differ from present to future. We note that r between the present and future biases

only drops as low as r = 0.86, so the biases often remain quite similar. Nonetheless, the bias can sometimes differ by about

5K or more (e.g., Fig. 11a) between the present and future periods despite these high r values. This reflects the importance

of downscaling GCMs with RCMs when simulating Antarctic warming and amplification given that RCMs are well suited to

Antarctic boundary layer conditions (e.g., Davrinche et al., 2025; Gilbert et al., 2026).410

One limitation of our study is that MAR has no atmosphere–ocean coupling. Therefore, in our simulations, oceanic processes

like sea ice do not evolve in response to changes in the atmosphere simulated by MAR. Rather, they evolve in response

to the atmosphere in the GCM itself prior to downscaling since the GCMs are coupled. Similarly, we discuss relationships

between each non-downscaled GCM’s ECS and its corresponding downscaled simulation’s near-surface warming. However,

the effective ECS of MAR in each simulation may differ from the ECS of the driving GCM because some feedbacks are415

represented differently in MAR (e.g., cloud feedbacks). Although we cannot calculate the ECS values of the MAR simulations

given that they only simulate the Antarctic, the mean reported near-surface warming throughout the entire study area is 0.1K
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higher in each of MAR-UKESM, MAR-CNRM, and MAR-MPI compared to their corresponding non-downscaled GCMs.

Meanwhile, MAR-IPSL reports lower warming than its non-downscaled version by 0.2K. We must take these limitations into

account when interpreting MAR outputs.420

Furthermore, this study has implications for paleoclimate research. We expect both cloud-based and surface- or subsurface-

based temperature proxies (i.e., proxies that depend on the condensation temperature versus those that depend on the surface

temperature) to capture the surface background warming signal (∆θ0). This is because the change in the background potential

temperature would presumably remain similar throughout the atmospheric profile. Meanwhile, the vertical separation between

these two types of proxies could lead to a discrepancy in their temperature records, as cloud-based proxies would not cap-425

ture changes in the surface inversion strength (∆Dθ), while surface- or subsurface-based proxies would capture these changes

(Servettaz et al., 2023). If ∆Dθ always changed in a constant ratio with ∆θ0, then this vertical discrepancy would not be a

problem, as cloud-based proxy temperature records could be converted to match surface- or subsurface-based proxy temper-

ature records based on that ratio. However, the contribution of the surface temperature inversion to warming is not spatially

uniform (Fig. 7d), which implies that ∆θ0 and ∆Dθ do not follow a constant ratio in space (Buizert et al., 2021). For instance,430

the inversion strength contributes 29 % of warming at the EPICA Dome C ice core site in the plateau interior, a region in

which ∆Dθ is fairly high. In contrast, the WAIS Divide site is less sensitive to change in the inversion strength (10 %) and

more representative of the background warming signal, which is likely because it is situated in a region of low ∆Dθ in West

Antarctica (Fig. 7c). Table S10 shows how the inversion contribution varies widely between these ice core sites and four others.

5 Conclusions435

This study demonstrates the role of the surface temperature inversion in 21st-century Antarctic near-surface warming during

the month of July by dynamically downscaling four CMIP6 GCMs using an RCM to simulate the atmospheric boundary layer.

In total, 28 % of the near-surface warming from 1980–2000 to 2080–2100 is caused by the change in the surface inversion

strength, which accounts for 16 % of warming over the continent and 41 % of warming over the sea ice. The mean Antarctic

warming signal is mainly driven by background warming due to large-scale processes, while spatial variability in this warming440

is largely explained by the weakening of the surface temperature inversion. Temporal changes in SIC can successfully predict

the inversion strength during July in 2080–2100, so we conclude that SIC is an important control on warming and amplification

in the Southern Ocean. Furthermore, there is a positive relationship between the 21st-century change in the inversion strength

and the present-day static stability over the continent. Linear regressions can predict the change in the inversion strength from

present-day N2 over the plateau and the Ronne and Ross Ice Shelves with some success. These results align with the polar445

lapse-rate feedback. Our findings provide insight into how sea ice loss and the lapse-rate feedback play an important role in

shaping Antarctic warming and amplification.

These results have important implications for our understanding of past and future climate changes in Antarctica. In par-

ticular, sea ice loss is a major driver of the region’s warming. Differing sea ice loss patterns explain the variability in total

warming between downscaled GCMs. Sea ice could explain why Arctic amplification is projected to be greater than Antarctic450
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amplification: The Arctic has a greater relative capacity for sea ice loss given that it is mainly oceanic. The surface tempera-

ture inversion could also explain discrepancies between temperature records reconstructed using ice cores, as certain proxies

depend on surface conditions while others do not, and certain locations are more sensitive to temporal changes in the surface

temperature inversion. To conclude, understanding how surface temperature inversions amplify Antarctic warming helps reveal

how and why polar regions are warming faster than the rest of the world.455

Code and data availability. Code and data to reproduce the figures and tables of this article are to be made publicly available after peer

review.

Appendix A: Calculation of the potential temperature deficit

We separate θ into the background potential temperature (θ0) and the potential temperature deficit (Dθ), where θ = θ0 +Dθ

(Fig. A1). θ0 is calculated by linearizing the potential temperature profile in the upper atmosphere from a certain height Hmin460

up to 350 hPa. Hmin represents the height below which the following threshold is reached:

|∂θ
∂z

− γ350−500|> 4γ350−500 (A1)

where γ350−500 represents the slope of potential temperature linearized between 500hPa and 350 hPa. Then, throughout the

atmospheric profile, θ0 is calculated as:

θ0(x,y,z) = γ0(x,y) · z+ τ0(x,y) (A2)465

where γ0 represents the slope of the linearization from Hmin to 350 hPa and τ0 represents the θ0 intercept at the surface from

the linearization. We assume that θ0 is independent of surface processes and instead controlled solely by large-scale pressure

gradients (van den Broeke and van Lipzig, 2003; Davrinche et al., 2024). Dθ is then calculated by subtracting θ0 from θ. Please

see Davrinche et al. (2024) for the full temperature decomposition procedure.
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Figure A1. Typical profile of potential temperature (θ), background potential temperature (θ0), and potential temperature deficit (Dθ) in the
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