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Abstract. Climate models and their land components still show pervasive discrepancies in frozen soil simulations. Contrasting
the historical runs of seven land-only models of the Land Surface, Snow, and Soil Moisture Model Intercomparison Project
(LS3MIP) with their Coupled Model Intercomparison Project Phase 6 (CMIP6) counterparts alows-allowed quantifying the
contributions of the land surface parameterization scheme and the atmospheric forcing to the discrepancies. The simulation

capabilities are-were assessed using observational data from 152 sites in Siberia and reanalysis data. On-average;—the-02-m
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below—5>C—The ES3MIP-simulations-are-even-colder-with-a-bias-of-6-7>C-In the winter months (December, January, and
February), the LS3MIP ensemble diversity-in2-m-temperature-istess-bias in 0.2 m soil temperature was higher than the CMIP6
diversity(0-8-2C-vs-3:2-°bias (-3.57 °C vs -2.66 °C). In-contrast;-the-diversity- The spread of winter 0.2-mseil-temperatures-is
‘m soil temperatures was also larger in the LS3MIP ensemble (5-7>4.55 °C) than in the CMIP6 ensemble (3-6->2.98 °C). For
permafrost sites, the spatial correlation of the simutations-of-winter soil temperature against-observation-is-simulations against
observations was not better than 0-7-and-0.6, and the spring/autumn spatial correlations of snow depth are-less-than-0:-75-for

the-were less than 0.8 for all CMIP6 models. On average, the 0.2 m soil temperatures in the CMIP6 simulations were 0.34 °C

warmer than the observations when the simulated soil temperature dropped below -5 °C. However, the LS3MIP simulations
were colder, with a bias of -0.65 °C. The biases of 2-m-temperature-have-2 m temperature had a different sign and are-were

amplified in magnitude compared to the biases of the soil temperatures, especially below 0=C—°C. Four of the climate models
and their land components underestimate-underestimated the snow insulation effect. We conclude-that-land-surface-models
struggle-to-wel-simutate-concluded that land-only models have difficulties in accurately simulating soil temperatures and snow
depth under low-temperature conditions. The CMIP6 models tenrd-tended to compensate for errors in their land component by
errors-through-errors-with errors in the atmospheric model component. In shallow snow depth (0 to 0.2m m) cases, all models
show-showed between 1 te-and 8>C-°C less air-soil temperature difference than in situ data. Therefore, a better representation

of surface-soil insulation is essential for improvements in frozen soil land modeling.
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1 Introduction

‘Fhe-reeentrise-in-Under current climate conditions, an amplification effect up to 24 times is evident in warming trends
within Arctic regions compared to global averages (Rantanen et al., 2022). Specifically, from 1979 to 2018, near-surface air
temperature-is-almost twice-the-global-average-in-the-Aretictemperature growth rates in the land area surrounding the Arctic
(0.51°C per decade) were more than 1.5 times that of the Northern Hemisphere average (0.33 °C per decade), according
MWMWM) Climate simulations show-indicate that the Arctic eould-warm

experienced a warming rate of 0.66
&+ 0.32°C per decade from 1979 to 2014 (Cai et al., 2021). Additionally, under a moderate scenario, high-latitude regions

could see temperature increases ranging from 1.2 to 5.3 °C between 2005 and 2100 (Koven et al., 2013). Higher temperatures
drive the degradation of permafrost, especially in discontinuous and sporadic permafrost regions. The greatestmost significant
changes occur in regions where the mean annual air temperatures are around 0C- °C (Romanovsky et al., 2007; Akerman and
Johansson, 2008; You et al., 2021). The soil temperature at zero annual amplitude depth of continuous permafrost sites on a

global scale warmed for 0.39 + 0.15%C-during2007-2046;-whieh- °C during 2007-2016. This warming is two to three times
the-warming-larger than that observed at discontinuous permafrost sites (Biskaborn et al., 2019; Smith et al., 2022), svarning

raising concerns about the potential effor more substantial permafrost degradation in the future.

Large amounts of soil carbon are emitted-stored in permafrost (Tarnocai et al., 2009; Fuchs et al., 2018), and when permafrost
Mmmwmmmw the atmosphere dwmﬁmdegmhﬂeﬂﬂf—pefﬁmffe&

—The-at a faster rate (Schidel et al., 2018). In environments such as lakes and wetlands, the impact of thawed carbon on the
climate is even more pronounced due to the low-oxygen envirorment-conditions, which further increases the share-of-methane

insuch-earbonemissions{Koevenetal;2015)proportion of methane emitted alongside other greenhouse gases (Koven et al., 2015; Walter /

. Processes such as thermokarst result in sudden thaw events that greatly enhance the decomposition and release of frozen
soil carbon, potentially increasing carbon emissions by up to 50 % (Abbott and Jones, 2015; Turetsky et al., 2019). The win-

ter contribution to total Arctic methane emissions is predicted to reach 39 % (Rofger et al., 2022). Changes-in-hydrothermal

Permafrost thaw alters hydrothermal conditions,
which can alter surface vegetation depending on soil moisture. In lowland regions with ice-rich permafrost, abrupt thawing is
often followed by vegetation recovery. Under stronger or prolonged changes, the system may reach a tipping point, beyond
which widespread ecosystem disruption can occur (Heijmans et al,, 2022).

Despite its critical role in climate feedback processes, frozen soil remains one of the most uncertain components in Earth
system models. In the land surface component of climate models, heat transfer through the soil is typically simulated as
generally increases with depth. By calculating the water and thermal balance at different depths, land surface models can derive
the current state of soil moisture and temperature. Model parameters for hydrothermal transport are eontrotted-governed by soil
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texture, surface organic matter, frequently—varying-soil-water-eontentmoisture dynamics, and freeze-thaw conditions —whieh
Woo, 2012; Andresen et al., 2020; Yang et al., 2022). In permafrost regions, these factors determine the thermal offset er-soil

—Fhe-(Kudryavtsev, V.A., 1977)—the temperature difference between the ground surface and the top of the permafrost—b
altering soil hydrothermal properties. For example, the presence of solid and liquid water in frozen soil greatly affects the

hydrothermal properties of the soil, which is described in various manners-ways by different models (Niu and Yang, 2006; Li

etal., 2010).

Incorporating soil ice and water dynamics into land surface models improves simulations of active layer hydrothermal conditions
by capturing seasonal freeze-thaw processes and moisture effects, such as summer cooling and winter warming of permafrost
due to increased soil moisture (Swenson et al., 2012; Li et al., 2021; Du et al., 2023). Including soil ice dynamics in models

allows for the simulation of ice-wedge degradation and associated ground subsidence, capturing rapid landscape changes such
Nitzbon et al.,

as thermokarst under strong warming scenarios (Liljedahl et al., 2016;

in_land surface models are crucial for accurately representing permafrost dynamics and their associated climate feedback
processes (Yokohata et al., 2020), and they also determine the inclusion of key physical and biogeochemical processes essential
for modeling permafrost carbon emissions (Ekici et al., 2015; Matthes et al., 2017, 2025).

The timescales of major physical processes differ largely between the soil and the atmosphere. For instance, key variables
such as temperature and humidity in the near-surface atmosphere can experience substantial fluctuations within hours or
even minutes. In contrast, changes in water and thermal states within the soil become much slower as depth increases. At
depths of several tens of meters beneath permafrost, soil temperatures may not exhibit any noticeable variation over decades.
(Beringer et al., 2001; Langer et al., 2011a, b). Snow cover plays an important role by insulating soils while affecting surface
energy balance through changes to local albedo as well as other characteristics such as emissivity and roughness. lts-effeet
The impact of snow on soil temperature is-spatially-heterogeneous;-depending-on-its-characteristies;-inclading
heterogeneity based on snow’s own attributes—specifically, thickness, density, and duration (Zhang, 2005; Zhang et al., 2018).
frrnortheasternStberia; the-ehange A thick snowpack provides stronger thermal insulation, which limits soil heat loss in winter
and delays thawing in spring. Lower-density snow insulates more effectively due to its reduced thermal conductivity. The
duration of snow cover determines the length of the insulated period, which affects the timing and amplitude of seasonal soil
temperature changes. Research has shown that changes in snow conditions aceountsfor-meore-than-(snow depth, density, and
duration) account for over 50%-ofseil-temperature-changes—(Park-et-al=2644:2645)— % of variations in soil temperatures
observed in northeastern Siberia (Park et al., 2014, 2015). An accurate representation of snow cover is essential for climate

models, as a recent study has shown significant discrepancies in snow representations across different seasonal forecastin
2022).

systems over Siberia due to different snow parameterizations and initialization methods (Risto et al.,

The Coupled Model Intercomparison Project Phase 6 (CMIP6), launched by the World Climate Research Program (WCRP),
aims to explore various topics related to climate change (Eyring et al., 2016). It is—eurrently—the-mest-suitable-datasetfor

2020; Cai et al., 2020). The parameterizations



evaluating-the-allows evaluation of the ability of the latest generation of climate models to simulate frozen soil s-as-it-provides

by providing an ensemble of climate models at resolutions fine enough fer-distinguishing-to distinguish different frozen soil

95 regions. The modelshavebeenfurther developed-relative-to-EMIPS-to-varying-degreesineluding-extent and characteristics of

frozen soil can vary abruptly over short distances, especially in complex terrain or transition zones between different types of

permafrost, Research efforts have been conducted to improve the simulation capabilities of land surface models participating in
CMIP, focusing on biological and physical processes in frozen soil areas —(Ekici et al., 2014; Chadburn et al., 2015; Decharme et al., 2016;

- The Land Surface, Snow, and Soil Moisture Model Intercomparison Project (LS3MIPprovides-the-opportunity to-exelude) is

100 designed to enhance our comprehension of land surface processes by assessing the effectiveness of various land-only models

in simulating soil temperature and moisture, snow cover, and related hydrological dynamics. It also aims to generate valuable

different land-only models use the same atmospheric forcing. Therefore, LS3MIP provides an opportunity to distinguish the

impact of distinct climate variability—variabilities produced by different atmospheric models (Van-BenHurk-etal;2046)in

105 corresponding CMIP6 models.
In CMIP6 and LS3MIP, the set-up-setup of the land cover/land use scenario and the radiative forcing conditions are-based

onfollow the same protocol. However, the parameterization schemes of the climate models differ, and this is considered a
main source of uncertainty in climate modeling (Deng et al., 2021; de Vrese et al., 2023; Kuma et al., 2023). In addition, the
presence of internal climate variability can also lead to differences in uncertainty (Ye, 2021; Rashid, 2021; Schwarzwald and
110 Lenssen, 2022; Jain et al., 2023). Understanding and isolating these uncertainties is essential for improving model reliability.
Here, we focus on the Siberian region with frozen soils, which eenstittte-constitutes a significant portion of the Eurasian con-
tinent’s frozen terrain. The potential degradation of permafrost in Siberia could have far-reaching consequences for climate and
ecosystems throughout Eurasia and globally (Schuur et al., 2015; Streletskiy et al., 2025). Within this region, the ebservation
observational dataset provided by the All-Russian Scientific Research Institute of Hydrometeorological Information-World
115 Data Center (RIHMI-WDC) (Frauenfeld and Zhang, 2011; Sherstiukov, 2012a; Zhang et al., 2018) can be applied;—which
used. This dataset provides consistent soil temperature measurements at standardized depths and thus-ean-can thus be used as
areference in climate model evaluation.
The characteristics of frozen soil surface dynamics are assessed by comparing model outputs with benchmarksreferences,
including reanalysis and observational data. This research focuses on the shallow soil temperature response to atmospheric
120 forcing, explicitly targeting a depth of 0.2 m. We will analyze the discrepancies between the same-medel-climate models in
CMIP6 and their land-only models in LS3MIP to quantify the bias and uncertainty present in frozen soil regions, attributing
them to tand-surface-land-only models versus those resulting from atmospheric fereings—With-identical-and-mererealistie
atmespherie conditions; we-anticipate that forcing. CMIP6 models include fully coupled components, such as the atmosphere,
125 from reanalysis or historical simulations. Consequently, the differences between the two can be used to attribute model biases
to_either the land surface model structure and parameterizations or coupled atmosphere-land interactions. Under identical,
observation-based atmospheric conditions, the LS3MIP models will-mere-aceurately-simulatesoil-conditions—If-these-models
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g are expected to simulate soil temperature
more accurately than their CMIP6 counterparts. If not, discrepancies may indicate limitations within the land surface models
themselves, such as deficiencies in parameterization or missing processes that impair their ability to respond appropriately to
WM&mulaﬂom Fitis-regarded-as-an-error-in-the-land-surface
~may result from biases in atmospheric forcing, such as
misrepresentation of near-surface air temperature, precipitation, or surface radiation. This experimental design allows us to
distinguish the sources of uncertainty between land-only and coupled simulations. Additionally, we will explore inter-model
variations within LS3MIP and i i i ii

specific structural features, such as bottom boundary conditions and snow thermal conductivity parameterizations, relate to
model performance in frozen soil regions.

esassess how

2 Data and Methods

We used the data from climate models, reanalysis, observations, and processing methods of target variables for our analysis.
We only included data from 1985 to 2014 in this research, as this period offers the best collection of observation records, and

CMIPG historical experiments are limited to 2014.
2.1 CMIP6 and LS3MIP Simulations

The CMIP6 multi-model ensemble provides historical climate simulations based on the same external forcing (solar radiation,
greenhouse gases, aerosols, etc.) (Eyring et al., 2016). Our study uses-used the historical simulations with predefined CO5 con-
centrations, which contain distinctive combinations of atmospheric and land models. The Land-Hist experiments from LS3MIP
are offlineland-surface-, land-only simulations with no feedback to the atmosphere and no dynamic forcing from atmospheric
models (Van Den Hurk et al., 2016). All the LS3MIP simulations employed the same atmospheric forcing derived from the
Global Soil Wetness Project Phase 3 (GSWP3) and the same land surface setup as in the CMIP6 experiments —This-enables

Van Den Hurk et al., 2016). GSWP3 is a global land surface modeling project that provides long-term meteorological gridded
forcing data based on the 20th Century Reanalysis (20CR), bias-corrected with observational datasets. This setup allowed us to

directly compare

in-the-frozen—sotlregtonCMIP6 and LS3MIP results and disentangle the relative contributions of coupling-related errors and

land model deficiencies to biases in frozen soil regions.
We chose seven climate models /earth-system-meodels-involved in both projects, incorporating six different land models. The

selected models are listed in Tablet- 1. Other climate models, which also participated in both projects, can-not-be-considered
as-they-could not be included in this study as they either turned off the freeze option in frozen soil in the CMIP6 version or did
not provide data for all our target variables. Hereafter, we refer to the CMIP6 ransfrom-CMIP6-histerical-simulations-as Group
C and the LS3MIP runs-frem-1=S3MIP-as Group L in plots and analysis. Four variables are collected for this study: 2-meter

2 m air temperature (tas), soil temperature in 0.2-meter- m depth (¢sl), snow depth (snd), and precipitation (pr).
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Table 1. Selected CMIP6/LS3MIP experiment pairs, the layering and resolution. For other features and references, see Table2: 2.

Model Name Land Surface Model Total Soil La
(max. node deptt
CESM2 CLMS5.0_ 25 (42.0)
CNRM-CM6.1 Surfex 8.0c 14 (10.0)
CNRM-ESM2.1 Surfex 8.0c 14 (10.0)
HadGEM3-GE3-EEJUEES-Had GEM3-GE7H42:0)43 1254 187SIPSL-CM6A-LR  ORCHIDEE v2.0 18 (65.56
UKESM1.0-LL JULES-ES-1.0 4(2.0)
MIROC6 MATSIRO6.0_ 6.9.0)

Both CMIP6 and LS3MIP data can be accessed at



https://aims2.llnl.gov/search/cmip6

Table 2. Features of the land surface models. S%ﬂdﬁea{es—%pe%f—avefaged—andrMC indicates mechanical compaction.Surface-organie

Land Model Albedo Snow Snow Bottom
Ceonduetivity Density ‘Thermal Conductivity Boundary Condition
CLMS5.0_ Speetral-Density-DependentMC Zero-FluxDensity-dependent Hydro-thermodynamieZero-f]
Surfex 8.0c Speetral-MC PowerFunetion-Density-dependent Fixed temperature
Fixed- Hydro-thermodynamieYen (1981) Viennetet-al(2012)

JULES-HadGEM3-GL7.1 Speetral-Power Funetion-MC Density-dependent Zero-flux

Calonne et al. (2011)

OREHIDEEv2JULES-ES-1.0 SA-Quadratie EquationMC Fixed-FlaxDensity-dependent Water/Carbon-CyeleZero-flu
Calonne et al. (2011)
MATSIRO6.0 Speetral-Fixed Fixed Fixed temperature
JULLS-ES-1.0- Speetrab(300 kg m %) PowerFunetion(0.3 Wm™" K1) M
Table2-

Table 2 highlights several attributes of each land model, focusing on their key characteristics related to the surface energy
balance and associated processestMenard-et-al;2021H—These-. For a more general comparison of land-only models and their
165 features regarding snow parameterization, see Menard et al. (2021). The land models differ in their representatlon of critical

processes related to surface energy balance, snow physics, a

conditions, and surface organic matter. The thermal conductivity of snow is modeled using density-dependent formulations ;5
empirical- pewerfunctions;oras a power function (Yen, 1981) or a quadratic function (Jordan, 1991; Calonne et al., 2011; Wan

et al., 2017

170 , or using fixed values. Similarly;snew-Snow density is treated either dynamically through mechanical compaction (MC) or
as a constant. The soil bottom boundary is handled with zero-flux assumption, fixed vatuestemperature, or fixed temperature

gradients. M




2.2 ERAS-Land Reanalysis

We utilized monthly averaged ERAS5-Land reanalysis data from the European Centre for Medium-Range Weather Forecasts;

data. ERAS-Land is a numerical

land surface model product forced by atmospheric variables of ERAS, featuring a high horizontal resolution of 0.1%<° x0.1%

180  (Mufioz-Sabater et-ak:202H°(Mufioz-Sabater et al., 2021; Copernicus Climate Change Service, 2019). Monthly data provided
by ERAS-Land include 2-meter-2 m temperature, snow depth, and soil temperature and-meisture-at four depths (0 to 0.07m m,
0.07 to 0.28mm, 0.28 to 1.0 m, 1.0 to 2.89myare-provided-by-m). Soil temperature was linearly interpolated to a depth of
WMWIWMWWMWERM -Land Mm%&ebwﬂ%dﬁmﬂw#ed%

185  remapped dataset is referred to as ESLC. Comparing ERAS-Land with its coarsened version allowed us to assess the impact of
resolution on simulation outcomes. This also provided an opportunity to evaluate the reliability of ERAS-Land in representing.
conditions within permafrost-affected areas.

2.3 Observational Data

Observational daily data are-were gathered from 236 meteorology sites by RIHMI-WDC (Sherstiukov, 2012a; Bulygina et al., 2014a, b; Zh
190 . We filtered the data from 1985 to 2014 based on the quality flag (Sherstiukov, 2012b) provided in the dataset and employed

only sites with a minimum of 330 valid days per year for all four target variables and at least 15 years of valid data. We only

used the highest quality data, flagged as 0. Stations west of 60°1° E, east of 120°E° E, and south of 45°N-are-° N were ex-

cluded to eliminate most stations with warmer climates. These-eriteria-are-Moreover, sites were classified based on their winter

2 m air temperature. These criteria were put in place to ensure the accuracy and reliability of the data analyzed. A total of 152
195 stations have-been-seleected—The-data-is-collected-from-http://meteoru/—were selected.

2.4 Data Preprocessing

We interpolate-interpolated tas, tsl, pr, and snd for all model simulations at the station sites’ coordinates by choosing the
nearest-neighbor grid cell. This intreduees-introduced additional uncertainty when comparing modeled data with observed
data. Notably, the CMIP6 historical runs can differ in phase from the actual climate phase due to internal climate variability.

200 To minimize this uncertainty source, we eonsider-considered only 30-year averaged data for evaluations.
2.5 Evaluation Metrics

To evaluate the models, we guantify-quantified their ability to simulate a reasonable climate mean state and internal climate
variability.

The variability of target variables is-was quantified using the Inter-Quartile Range-interquartile range (IQR), which measures

205 the spread of the simulations. If the model over- or underestimates-underestimated the observed IQR, the model over- or
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underestimates-underestimated climate variability, respectively. Thus, we use-used the relative spread

IQR,, ;
IQR,, ;

RSy, = e))

with m indicating the model, o the observation, and 7 the target variable.
The central climate state of the models and the observations is-were quantified by the median (med). We use-the-standardised
used the standardized model medians med,, ;, naming it relative bias R,

med,,, ; —med, ;

RBni=——10R

2

0,i
as a measure for-of systematic model errors.

RS assesses a model’s capability to reproduce the observed variability. This is essential for determining a model’s reliability
in simulating dynamic climate systems. 2B, on the other hand, addresses systematic deviations in-the-central-tendeney-of-the
data—Itis-using the median data values. It was standardized using observed variability (/QR,,), which facilitates comparisons
of biases across different variables. RB emphasizes whether systematic errors are pronounced relative to natural variability
(informs if the error is smaller (RB,, ; < 1) or larger (> 1) compared to the observed climate variability), helping prioritize
improvements in model development.

For the qualification of the error heterogeneity of the medel-2 multi-model ensembles at the sites’ locations, we define

defined the ensemble means of the models’ 30-year median biases as follows

M M
= medm,i,s - medo.i.s 1
g, , = St Mt TN S (e, med, ) G)

m=1

and-the-ensemble-spreads-of-where s indicates the seasons, F' = 5 represents the number of "model families" and N,,,, which
represents the number of "family members" (either 1 or 2 in this study), was used to properly weight similar models, as
described in Kuma et al. (2023). We then calculated the ensemble spreads of median biases E.S; 5, which are-caleulated-as

were defined as the standard deviations.
The ensemble mean biases EB; ; and spreads are-were calculated for both the CMIP6 (Group C) and LS3MIP (Group L)

model ensembles with M =7 members each. The analyses are-were done in different seasons to distinguish the impact of

different freeze/thaw periods on ensemble performance. In this study, seasons were defined by months. Winter was defined as
December, January, and February (DJF); spring as March, April, and May (MAM); summer as June, July, and August (JJA);

and autumn as September, October, and November (SON).

3 Results-and Discussions

2.1 Winter2-m-Temperature-in-Target-AreaPermafrost Stations

Fig-
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To investigate the climatology in the permafrost area, sites were identified as permafrost sites using the definition of
Lawrence and Slater (2005). If a station had at least 300 days of valid data every year, and 24 consecutive months of lower
than 0+is-based-on-°C in any layer below 0.2m depth, it was defined as a permafrost station. Using this method, we selected
19 permafirost stations among all observation sites.

3 Results

3.1 Winter 2 m Temperature in Target Area

Figure 1 shows the map of average winter (BH-DJF from 1985 to 2014) 2-meter-2 m air temperatures (tas) from ERAS-Eandthe
CMIP6 multi-model ensemble, and the symbols correspond to the matehing-observation data from RIHMI-WDC. As shown
in the map, winter-time tas in the target area is colder in the northeast and warmer in the southwest. Within the area 50°%-°E
to 185%E° E, north of 45%N° N, the average DJF tas is generally below 0=G °C. The region with less than -25°C-has-°C had

a large overlap with the continuous permafrost region (Brown et al., 1997; Obu et al., 2019).

we-ean-further ink-the-outcomes-to-the-insulatingeffeet-of snow—The temperature categories are-were listed in the legend of
Fig. +—TFhere-are-1, There were 3 sites with average tas warmer than -5°G °C, 25 sites between -15 and -5>6;-79-°C, 76 sites
between -25 and -15°G;and-40-°C, and 29 stations with tas below -25%G °C. Besides, fivesites-are-19 sites were identified as

permafrost Cperma’) sites using the method introduced by Lawrence and Slater (2005) (soil layer temperatures continuously

below 0=C-°C for at least two years) and labeled by stars. All "perma’ sites have-had average winter tas values less than -36
°G-23°C.

10
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Figure 1. Mean near-surface air temperature (in—>Ca) as given by ERAS-Land-the weighted multi-model ensemble from CMIP6, and the
difference between the ensemble mean and the observational data (b) at sites for winter (DJF) in $985-26141985-2014 in °C. Symbols

indicate the climate state at the observational sites (see legend), and symbol colors show the difference between the ensemble mean and the
observational data.
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Figure 2. Sites-averaged-Sites’ averaged DJF—etimates—climates (+985-26441985-2014) of hydrothermal variables as observed and sim-
ulated. Names at—on the abseissas—x-axis and the colors indicate the different data sources. Observations—In addition to _observations,

ERAS-Land (©bsESL) and ERAS-Eand-its coarsened variant, ESLC, are in-situ—included to enable comparison at the same horizontal
resolution as CMIP6 and reanalysis-data;respectively;-model-LS3MIP. Model names indicate CMIP6 model output (left), and Es-indicate-the
corresponding LS3MIP stmulations-(right; see Tablet 1). Each CMIP6-LS3MIP pair shares the same color. The boxes represent the medians,

first and third quartiles; the £ 1.5xIQR or the maximum and minimum values, if within the former range, are taken as the whiskers’ length.

3.2 Model elimatelogiesClimatologies

12



260

265

270

275

280

285

290

Figure-2-shows-the-site-averaged-winter—DJF elimatologiesfrom1985-t0-2044-The sites’ averaged winter climatologies
(DJF) of the four target variables for the different datasets —Fhe-figure-shows-thatfrom 1985 to 2014 are shown in Fig. 2. All
model variables were interpolated into the site’s locations using the nearest neighbor method.

ERAS-Land’s tas and tsl climatologies are closer to the Obs-climatologies—than-most-of-the-modelss—where-observed
climatologies than those of most models, though this is not the case for pr and snd.

The-Both ERAS-Land and ESLC were interpolated into the sites’ locations using the nearest neighbor method. The coarser
resolution resulted in slightly higher values of the four variables we analyzed, all less than one interquartile range of observations.

In LS3MIP’s-, tas and pr are-interpolated-were derived from the same forcing dataset—Stilldata. However, Fig. 2-shews-shight

interpreted—Additionally,the-2 shows slight discrepancies of tas (less than 1 and pr (less than 3 mm) among land-onl
models. The LS3MIPs’ tas climatologies are-were systematically colder by more than 12C-than-Obs-and-ERAS °C than

observations and ESLC, and their pr climatologies align-better-with-ERAS-Land-than-with-Obs-(which-has-aligned better with
ESLC than with observations (which have on average about 15 % smaller values).

The CMIP6 models’ tas climatologies seatter-scattered substantially. CESM2’s tas median is-was shifted by more than +3

“Cagainst-Obs+3 °C against observations, while tas medians of HadGEM3-GC31-LL and UKESM1.0-LL are-were shifted

by more than —3->C-3 °C.

—Most models’ ¢sl climatologies are-were colder than observed¢with-the-. The CNRM simulations exhibited the lowest soil

temperatures overall (Fig. 2) with the climatologies of being more than 8 M CMIP6 and LS3MIPel+ma{e}eg16%

fe%&mﬂwﬂw%gggWrM)&expected the temporal variability, quantified by the box plots’
IQR, is-was smaller in ¢s/ than in tas. Substantial inter-model variability was observed in soil temperature simulations. The
differences between a model’s CMIP6 and LS3MIP ¢sl were much smaller than their differences from observations. Land-only.

In the other seasons, the diversity-in-spread of tas and ¢sl climatologies srespeetively—is-(Fig. A6) was respectively smaller
than in BIF(rot-shewn)—tntuneJuly—andAugust(DJF. During JJA),—the-models™—different-, model differences in tas
variabilities—are-variability were clearly reflected in tsltwith-mest-sitestacking-insulating-snow, particularly as snow was
absent at most sites during summer (median value less than 0.3 ¢cm).

In both CMIP6 and LS3MIP runs, the DJF pr values afe%gheﬁhaﬁ—ﬂmb%efva&eﬂs—bywere typically 10 mm and-thuseloser

higher than in the observations. UKESM1.0-LL
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Figure 3. Relative spread (R.S) of the sites-averaged climates (1985-2014) of the four variables in both ensembles and in ERAS-Eand ESLC
with reference ©bs-observations for all seasons. The colors indicate the models, and the abseissas-x-axes show the variables and ensembles

(C indicates CMIP6, and L indicates LS3MIP runs).

ehimatemm overestimation in DJF average. The observed DJF snd of-abeut-was approximately 30 cmis-. It was overestimated
by 70%-in-the- % in HadGEM3-GC31-LL (LS3MIP simulationrun) and by 50%-in-ERAS-Land-All-the-other-model-medians

are-within—10-frem-Obs-but-with-targer- % in ESLC. The models were diverse in simulating DJF medians snd, with high

temporal variability.

3.2.1 Relative Spread and Relative Bias

This subsection compares the relative spread (RS) and relative biases (RB) of ERAS-Land-ESLC and the different models
compared to Obs-observations for all four target variables and all seasons. The RS assesses the sites-averaged temporal climate

variability, and RDB is the shift of the climatologies.
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Figure 4. Same as in Fig. 33, but for relative biases (RB). The shaded-areas-dashed lines (from -1 to 1) indicate the range of absolute median

differences smaller than the observation’s IQR.

Fig-3-shows-thatmest-Most CMIP6 models underestimate-underestimated tas DJF climate varlablhty rbestdesin-JA with

Mest-and models overestimated ¢s! climate variability (Fig. 3). The CMIP6 models everestimate—+#si-climate—vartability,but
showed a larger diversity in tas, and all values were below 1. However, the LS3MIP models shew-showed a large diversity i

¥for tsl and pr in winter, ranging from 1 to almost

2.7. The LS3MIP models performed well in simulating JJA variability of ¢sl, though there was a general underestimation. In
DJF and SON, the tas relative-spreads-R.S for all CMIP6 models are-were within the range of 0.5 to +-2—1. In MAM, the

were within the range of 0.7 to 1.7. CESM2, HadGEM3-GC31-LL, IPSE-EM6A-ER;-and UKESM1.0-LL exeeed-exceeded
1.5 inHARS of tas in JJA. Larger variability differences in simulated ¢s! are-were observed for LS3MIP simulations in DJF
and SON, even though their tas share an-identieal-relative-spreadalmost identical R.S.

The winter-DJF pr relative spread-spreads of Group C is-were all higher than +:2-The-pr-in-Group-Cexhibits-more-extensive
group-diversity—than—in-Group-t—1.3. In spring and autumn, most climate models simulated good inter-annual-interannual
variability of pr, with less than a 20 % difference to observation (rotshownFig. Al). Both groups and ERAS-Land-overestimate

ESLC overestimated the spread in winter-DJF sndwith-RS-valuestarger-than—1-2, having high discrepancies among models.
The RS -values-seatter-between-0-5-and-about2-in-the-otherseasensof snd scatter between 0.8 and 1.8 in SON, and 1 and 1.6

PN AV AV VAV NV AN DN D S A S S

in MAM for most models (except for ESLC, CNRM-CM and MIROC in CMIP6, and HadGEM in LS3MIP).
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Fig-4-shows-the The relative bias RB of all variables calculated in all seasons —Fheshaded-zone-is shown in Fig. 4. The zone
within the dashed lines indicates a one-time IQR of the observed value. If a model’s absolute 2B is less than one, the-model’s
bias-is-consideredretativelysmablits performance is considered adequate. For example, the winter RB of MIROCis—within
the-shaded-area-all LS3MIP models was within the dashed line zone for tas, tst;-and-snd;butnot-for-and was at or slightly
as they are derived from the same atmospheric forcing data. Nearly all CMIP6 and LS3MIP models have-a-peositive-exhibited
a positive relative pr -bias-but-a-smallerrelative-and-non-systematie-bias. The relative snd -bias-in-winterbias was much more

diverse; models only showed a consistent positive snd bias in MAM (Fig A2). The CMIP6 runs of HadGEM3-GC31-LL and
UKESMI1.0-LL underestimate-underestimated the values of tas and ¢s! in all seasons. Fer-The tsl ;-therelative-bias-in-DIF for

ge-IB in DIF for CNRM simulations exceeded
-15 to -9 times the observed IQR, while other models are-all-within-an-aceeptablerange-were all within a range of £5 times in
both groups. Negative-The kB in-of CMIP6 and LS3MIP in ¢s! is-thetargest-were all negative in the transition seasons, which

d—lﬁGﬁ—hﬁW&—ﬁl—&fge-spf&l&&ﬂd also high discrepancies were shown in snd RB -values—With-better RS-and-RB-of tas-and-pr;

3.2.2 Spatial Heterogeneity
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Figure 5. Mean—Weighted multi-model mean biases (£5) and their standard deviations (*GE.S) of the-models™tas and tsl at Obs
observational sites in °C. Panels A—H and I-P are for tas and tsl, respectively. The first and third columns are the results of CMIP6
models, and the second and fourth columns are the results of LS3MIP models. The first to fourth rows show the DJF, MAM, JJA, and SON

seasons, respectively. Colors indicate the bias value, while the circle radii represent biases’ standard deviations, i.e., the ensemble spread.
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Figﬁfeé—shew&fh&medekeiﬁembleﬂieawbraseﬁ MM%WMEB %&ﬂé%h&eﬂsemble
spread-ef-biases{(F-S)fertas-and
Innertheastern-Siberia’s-winter S (Fig 5). In DJF, the CMIP6 models everestimate-overestimated tas on average by more
than 4>G-0.5 °C, but with a large model-bias-standard-deviation-of 3:2G-L9 of 2.96 °C. The DJF average /'3 and /S for

In the other seasons, EB and ES are-were distinctly smaller, with most CMIP6 runs’ tas slightly too cold in spring at most

stations and slightly too warm in autumn at-in northeastern Siberia. Differences-in-grid-cel-scale-among-models—eanleadto
biases-in-the-tasstate-over-the-grid—The tas EB of the forced models are-was small at most sites (exceptions are-were near

water bodies, e.g., Lake Baikal and sea coasts, which mée&aﬁefpekmeﬁﬁﬁ&e&—beewseﬂﬁmdlcated interpolation artifacts
due to the selected grids).

The tsl EB and ES are-were larger in magnitude than for tas, especially in winterwith-spatial-, with spatial averaged £B
of -3:0-°C-and—4-0->6—-2.66 °C and -3.57 °C for CMIP6 and LS3MIP runs, respectively. Additionally, the LS3MIP runs are

notably-more-diverse-had a larger bias spread than the CMIP6 runs threughout-all-seasons-butin-in all seasons except summer.
In winter, the ensemble-bias-spreads-are3-6-°C-LS were 2.98 °C for the CMIP6 and as large as 5:7->64.55 °C for the LS3MIP

3.3 Permafrost Region
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Figure 6. Taylor diagrams indicating the spatial correlation, standard deviation, and unbiased root-mean-square (RMS) difference (grey-gray.
circles) for the four seasons of the simulated variables tas, tsl -pr-and-snd-(labeled by numbers) against observations (REF) at permafrost

sites (here: sites with mean winter +as<—25°Ctas < —25°C). Normalization is applied using the standard deviations of the observations.

Colors indicate different models and black crossed circles ERAS-EandESLC. Triangles show the results of the LS3MIP runs, and solid circles
of the CMIP6 runs.Snew-depth-is-net-shownindJA-
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depth-of20-em—Using-the-authentie-Using the classic definition of permafrost, which requires more than two consecutive

years of temperatures below 0°

Figure 6-shows spatial- °C, 19 permafrost sites were selected. Notice that in the permafrost region, the largest EB and £S5
are shown (see Fig. 5). The simulation performance at the permafrost sites was quantified using Taylor diagrams (Taylor, 2001);
which-compare-the 30-year-average-, The 30-year average of simulated data was compared to the observations in all seasons
at all sites in the permafrost region. The REF in Fig. 6 is the corresponding observation.

Almost all CMIP6 and LS3MIP models struggled with-simulating—soil-temperature;—to_simulate tsl —with-Jarge RMS
differences-and-low-eorrelations—in permafrost sites, exhibiting low correlations and large RMSE, especially during DJF.
%meeﬂe%ﬁwmwmm@ than 0.5 for all variables in the other seasons. The
ESLC had similar DIF tas
in-DIF)-which-indicates—wel-simulated-spatial-patterns-by-the-simulation performance to the CMIP6 medelsmodels, but it
simulated DJF ¢s/ with the smallest RMSE compared to all models. When considering the same model across CMIP6 and
LS3MIP, land-only simulations consistently outperformed others in DJF £sl. This is because tas and snd were superior in
LS3MIP (Fig. A3).

In-the-spring-and-avtompMAM;-SON);-From spring to autumn, the CMIP6 models tend-tended to overestimate precipitation

variability (figure-not-shewnsee Fig. A3). Overall, the Group L models and ERAS-Land-tend-to-perform-only-shightly- ESLC
performed better than the Group C models in #st-and-MAM the MAM and SON snd —In-SON:-there-is-a-more-considerable

difference-ineorrelation-performanee-simulations. In MAM, the standard deviation of snd thaninMAM;less-than-0-6-for-the

AR A ANAARAR AR AAAARAARAINANAANSN A AN AN A

was considerably larger than in DJF and SON, exceeding 1.25 for Group C models and higher than-0:7-for the-1.5 for Group L
models. Meanswhile;-the-correlations-of Using the same forcing, the snd correlations improved in SON, with all values above
Q&Q&MIMSWJNWM&WMMMW are-were similarly low in both
all seasons. Despite LSIMIP showing.

a high correlation (higher than 0.8) and good standard deviation (0.9 to 1.1) of pr cendition-than-meling-

t0-0-9in DJF and MAM, CMIP6 and LS3MIP were unable to simulate snd correlations higher than 0.8 in these two seasons.
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Obs tas (°C)

Figure 7. Quantile-Quantile (QQ) and histogram plots for tas (Wilks, 2019). The plots show 30-year mean monthly tas data of models at
all sites and their observational values. The model simulation outputs are binned at 2°C-°C intervals. The colored solid and dash curves are
the median and 1st/3rd quartiles of the corresponding observations for all data points in the temperature interval, and the shaded area is the
inter-decide range. The histograms represent the sample size within each temperature interval, and temperature intervals with sample sizes
smaller than 20 are excluded from the Q-Q plots. The further away the data is from the diagonal line, the larger the model’s simulation bias
is at certain temperature states. A higher vertical quantile range indicates more inconsistency with observation under identical temperature

conditions.
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3.4 Climate Dependency of Modeled Temperatures
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Figure 8. Same as Fig. 77, but for tsl.
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Sinee-larger-modeled-Larger model biases and discrepancies are-were found in permafrost regions;—we—want-to—further
evaluate-how-medeled—. To evaluate how model errors depend on the temperature state—So;—we-eategerize-conditions, we
categorized all the model outputs of tas and tsl by-based on their values and then-compare-therelationship-between-model
outputs-and-corresponding-Obscompared these outputs to the corresponding observations. For each model, the monthly data

of-everysite-is-an-average-of from every site was calculated as an average over 30 years. Then;-welookfor-the-corresponding
valae-of-We then examined the corresponding values for the same site and month with valid ebservation—The-mean—valae;

observations, calculating the median values, quartiles, and deciles are-caleulated-for each interval.

As shown in Fig.77, Group L models simulate—similar-histograms—as—observation—and-—small-generally reproduced the
observed sample distribution of tas and maintained narrow quantile spreads across zrlJr%emperafuf&w*ges—HeweveHﬁ&igh{

ith-the full temperature range. In contrast,
@g@vmmvvvvvvvvg%wmlmrmmmn\m&CESMZ CNRM-CM6.1, and CNRM-ESM2.1 shewing-warm-bias
whenrtended to simulate fas is-higher than observed when the observed fas was below 0°C-and-,°C, with median differences
exceeding +3 °C. HadGEM3-GC31-LL and UKESM1.0-LLdisplaying-a-comprehensive-cold-bias-of, by contrast, consistently
produced tas values approximately 5*C-ti-most-temperatare-states;-°C lower than observed across a broad range of frozen
conditions. IPSL-CM6A-LR shews—a-slight-cold-bias—of-Jess—than-showed persistent cold biases of over -5 °C in most
subzero-temperature cases. MIROC6 exhibits-a-eold-produced tas biasfrom—t0-to-yalues that were lower than the observed
values between -10 and 2°C-and-a-warm-°C, but the simulated tas bias-that-gradually-inereases-below—20-"Cyvalues were
increasingly higher than the observed values when simulated tas dropped below -20°C. A common eharaeteristie-among
the-feature of Group C models in#as-simulation-is-that-a-targer-vertical-quantile rangeappears-was _a wider vertical spread
of guantiles in the below-freezing temperature range, especially when tas is-below—15->C5emphasizing the requirement-to
improve-the-aceuracy-undersuch-surface-air-temperature-conditionsdropped below -15 °C.,

FEarger—vertical-quantile ranges-appear-in-Compared to tas, quantile spreads were generally larger in the tsl results—than
in-tas—The-simulations. For instance, the ESLC model exhibited a bimodal tas distribution-of- ERAS-Land-shows-two-main

peaks-sample distribution (Fig. 7);-one-around-7), with one peak near 15°C-and-the-other-around—15->C—Howeverthe-°C
and another around -15 °C, whereas its tsl of ERAS-Land-has-ene-major-peak-sample distribution (Fig. 8)—-which-is-within
-%&O—G—%&E&%-baﬂdﬁefﬂea%qﬂamigeﬂ% showed a single dominant peak between -5 and 2° QM

~ O

C, but it showed an increasing warm bias and

quantile spread as ts!
of-tsl-due-to-execessivesnd-oceurs-dropped below freezing. Similar near-surface soil warming was observed in the LS3MIP

stmulationrun of HadGEM3-GC31-LL, which was associated with excessive snow depth. CNRM-CM6.1 and CNRM-ESM2.1

are-the-only-ones-that-de-were the only models that did not show a peakm%eﬁ%aﬂpemufe%ﬂp}e%%mm near
0°C-Fhe-°C. Instead, their ts1 ir

from-2-to-+5->Csample distributions were shifted toward much lower values (with extreme values lower than -15 ° m%
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median differences from observations reaching -17 °C. CESM2 and MIROC6 have-an-overall-eeld-bias;—5->C-also displayed

systematic cold biases, with median ¢s/ differences of -5 and -6->C-at—10->C-of-observed-temperature; respeetively—The—6 °C,
respectively, when the observed ts/ was around -10 °C. Group L models have-varying-warm-bias-varied more in magnitude but
enerally showed positive ¢sl biases below 0°C-+#st-indicating-thatthe imulated-by-these-models-have-alarger-bias °C.

There-are-notable-diserepancies-between-the-two-ensembles-The two groups also showed distinct differences in simulating
cold temperature extremes, particularly in the minimum tas. For example, the-CESM2’s minimum tas in the EMIP6-run-for

€ESM2-is-coupled simulation was 6
2CHewer-than-that-ef-the- °C higher than in its land-only ran—Sueh-simulation, indicating a notable warm bias in the coupled

system at the lower extreme. In contrast, HadGEM3-GC31-LL and UKESM1.0-LL simulated minimum tas differencesinthe
-values that were 2to-6->C-in-thelowest-value-between-two-ensembles:

A MIROCE ) underectimatetolwhila axhibitinewarmbiaceco

from-the-bottomof sotl-columns)—As-the-deerease- °C lower in the coupled runs than in their land-only counterparts. These
discrepancies in tas has-a-limited-influenee-on—the-at the cold end of the sample distribution were also reflected in the ¢si

n)—The-melting/accumulating-snow- - MAM and-SON and-the-prevailing-phase-change-processes-in
j i simulations. In particular, the minimum tsl inter-annual-variability-in-these
seasons—values differed by up to +6 °C between models in the two groups.
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Figure 9. Difference between model tas (left), tsl (right) and corresponding observations. The x-axis represents different temperature

intervals, and the y-axis is the 30-year average temperature difference (75,041 — Tobs). Differences are categorized into three sets accordin

to the 30-year average temperatures of every month at the observation sites: below -5 °C (Set Frozen), -5 °C to 5 °C (Set Intermediate), and
above 5 °C (Set Warm). The violin plots show the distribution of the data. The width represents the density of the data points. The white dots

show the median values, and the thick vertical black lines show the interquartile range.
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Table 3. Statistics of the differences between the weighted multi-model ensembles and the observations of tas and tsl, as illustrated in Fig. 9.

Category Sample Size  Ensemble Q1 Median @3  Mean  Std. Dev.  Kurtosis
CMIP6 -1.42 0.34 1.56 0.01 2.46 0.76
tas Set Warm 3475 T RS o o et e Dt
CMIP6 -2.44 -0.47 0.41 -1.12 2.28 0.77
tas Set Intermediate 1480 T A DA R et e et
CMIP6 -1.55 1.32 3.51 1.16 3.85 0.59
tas Set Frozen 3805 T RS R ot DOt R DR
CMIP6 -2.15 -0.26 1.26 -0.51 2.81 1.60
tsl Set Warm 3295 T A DA et et o Dae
CMIP6 -2.86 -1.44 -0.41 -1.95 2.87 4.33
tsl Set Intermediate 3655 T ARt e e DRt R DA
CMIP6 -2.74 0.34 2.77 -0.12 5.26 1.68
tsl Set Frozen 1445 ~777 e Rl RS DA e Dt
LS3MIP  -5.03 -0.65 234 -1.81 6.43 1.24
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We subtract-subtracted the 30-year average of monthly observational data from all stations with the corresponding simulated
values and then sert-sorted them into observed temperature intervals—Results-are-, as shown in Fig. 9-Set9. The boundary of
=3.°Cand 5°C was chosen to make sure the soil is completely frozen/thawed in the Set Froze/Set Warm.

Statistical values of Fig. 9 were listed in Table 3. Set Frozen and Set Warm tas data sample sizes are-were more than twice
as large as in Set Intermediate. Set Frozen has-had the largest standard deviations, 3-84-=-3.85 °C in CMIP6 runs, and 234G
2.06 °C in LS3MIP runs. The mean values of the CMIP6 runs arerather-were divided, with +76->GC-and-0-4+4-°>C-1.12 °C and

0.01 °C in Set Intermediate and Set Warm, respectively. st; S teible

The ¢sl samples are-were mainly concentrated in Set Intermediate and Set Warm. In contrast, there are-were also higher
standard deviations in Set Frozen, 5:39->C-and-6-73->C-5.26 °C and 6.43 °C for CMIP6 and LS3MIP runs, respectively. The
standard deviations of Set Frozen and Set Intermediate in LS3MIP runs are-were higher than those in CMIP6 runs by +33
“Cand—+142-°G1.18 °C and 0.94 °C, respectively.

The mean and minimum value of ¢sl bias is-was much lower than that of tas bias, and this negative bias is-was shown in all

accuracy olasof-Grou 3 ozenand-SetIntermedia esnotlead to better+ 1 ot-the-modelsin Table 3. And

tsl below -5>C-shews-°C showed higher overall variability in Group L than in Group C, with the highest IQR of 7.37 °C, and
highest standard deviation of 6.43 °C among all categories.

3.5 Snow Insulation
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Figure 10. Snow depth and soil-surface temperature differences. The temperature eategorizing-categorization method ef-follows Wang et al.
(2016) and-encompasses-but includes data from all seasons. The plots use different line styles and color schemes to differentiate-distinguish
between the-variousdifferent temperature (fas) categories and ensembles (CMIP6 in red and LS3MIP in blue). Our sampling technique

involves binning data at 0.05 m intervals, with a-coverage of 0-1.2 m snd, and each interval contains a minimum of ten samples for accuracy.

The ploteurveslines represent the median values, with-while the shaded areas indieating-indicate the 25th—75th-interquartile range (25th—75th

percentile).
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To better understand the insulating effect of snow in the models, we refer-te-the-methed-applied-applied a method similar to
that used in previous model evaluations (Wang et al., 2016; Burke et al., 2020). We collected the monthly observational data

samples which-eontain-valid-containing tas, tsl and snd ;charaeterize-and characterized them by three different tas intervals
(-15 to -5°G°C, -25 to -15%6-°C, and less than -25°C °C). Analyzing the relationship between temperature difference and
snow depth altews-allowed us to understand each model’s snow insulation effect under different tas and snd conditions.
According to the ebservation—observations shown in Fig.
insutation-effeet—Firstly-10, even when snd is very thin, the insulating effect of the soil surface layer itsel-is-stit-influentialwas
still large. Its intensity ean-vary-could range from 3°G-°C to 15°C-°C according to tas. Secondhy;-the-The impact of snow on
ANAT (tsl — tas) has-the-highest-diversity-showed the greatest variability when the snow depth is shallow;-undersufficiently
thick-snows-the-. However, once the snow depth exceeded about 0.2m, sl gradually-convergences stabilized near 0>C-and-is
primarity-impaeted- °C or lower, becoming nearly constant and minimally affected by tasin-a-timited-manner. For temperatures

ranging from -15 to -5%G °C, this inflection point is-was reached when snd is-was about 0.1m-m high. For colder tempera-

tures, it is-was reached at depths around 0.2m-m to 0.3

.. Thicker snow conditions limited the cooling of
the underlying soils, as indicated by the strong relationship observed between AT and tas when snd is-higher than-0:3-m-The
insulation-effect-of snow-becomes-stronger-at-lowertas—The-exceeded 0.3 m. The median value of maximum AAT for the
-5%C-°C to -15%C-eategory-is- °C category was approximately 7.5C °C, while for the -15%G-°C to -25%C-°C category, it is
was 15°G °C, and it reachesreached 24°C-°C when tas is-was below -25°G °C. When snd exeeeds-exceeded 0.3 m, ¢sl drops
by 1°€-°C for every 4°C-°C to 5°C-deerease- °C decreased in tas, taking-into-aceount-considering the range of interquartile

variations. ESLC showed similar insulation in the two warmer temperature categories. However, it showed lower insulation

when there was almost no snow and generally larger insulation in the coldest category.
Only HadGEM3-GC31-LL, IPSL-CM6A-LR, and UKESM1.0-LL exhibit-exhibited AAT curves which-are-similar—to

observationthat were similar to observations. Despite the generally good performance, HadGEM3-GC31-LL and UKESM1.0-
LL have-had deficiencies in simulating soil insulation below -15%C;-with-°C, with AAT 1 to 22C-°C higher than observation
when snd is-was higher than 0.3 m. IPSL-CM6A-LR also underestimates-underestimated the insulating effect when there is
was almost no snow. IPSE-EM6A-ERaceurately reproduces-However, it accurately reproduced the inflection point of the
snd-AT curve. After reaching the-infleetion—this point, the insulation effect still inereases—continued to increase in IPSL-
CMO6A-LR. While-In contrast, HadGEM3-GC31-LL and UKESM1.0-LL shew-showed a slower rate of increasing AAT that
is-was more comparable with the observations. All-ether-modelsfail to-reproduce-the-observation-like-eurve; underestimati

the-snow-insulation—effeetunder-most-eonditions—The other models tended to underestimate the snow insulation, with the

AN AR AAARR AR AN AN NN AANA AN AN AN AR NN AN AR AR AAR AN AN AR AINAANANAR

LS3MIP simulations from CESM showing results closer to observations, while the CNRM simulations showed the largest
underestimation.
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snd—Comparing the CMIP6 runs with the corresponding LS3MIP runs, UKESM1.0-LLsimulates-targe-insulation-effects-of-4

- 05 whichis closest to thebench y o , :
IPSL-CMO6A-LR, and MIROC6 showed similar snow insulation effects in both ensembles (CMIP6 ensemble and LS3MIP
ensemble). HadGEM3-GC31-LL also showed comparable characteristics, although it differed under warmer conditions with
lower snow depths. CESM2’s LS3MIP runs showed a snow insulation effect closer to observations, but CESM2’s CMIP6 runs
simulated a much lower AT curve. In the LSIMIP CESM2 runs, under the colder conditions (i.e., below -15°C), the snow.
insulation effect increased consistently with snow depth over all depths. Similar results were observed in MIROC6 as well.
Both models showed realistic snow insulation effect values when snd is above 0.4 m. However, the models’ initial insulation
started low and increases more slowly in AT when snd was below 0.2m, This was even more pronounced in CNRM-CM6.1
and CNRM-ESM2.1, which had a low AT-snd curve and a negative AT value for snd above 0.2 m under the -5°C to -15°C

category of LS3MIP runs.
e

4 Discussion

4.1 Winter 2 m Temperature in Target Area

We aimed to assess the models’ performance under varying climate conditions to determine whether simulation uncertainties
increase at lower temperatures or remain similar. To distinguish different climate regimes, a practical approach to categorizing
the stations is to use their average DJF 2 m air temperature, following Wang et al. (2016). By focusing on winter temperatures,
we could further link the results to the insulating effect of snow.

4.2 Model Climatologies

Horizontal resolution did not have a major contribution to bias, concerning differences between ERAS-Land and ESLC in
Fig. 2. Even though the LS3MIP models were forced with identical reanalysis data, their fas and pr medians differed slightly,
as they have different grid resolutions and methods for calculating and regridding tas and pr. Also, the LS3MIP tas and
pr. differed from observations, highlighting the fact that a site’s climate does not necessarily represent the climate of the
corresponding grid. This emphasizes the importance of recognizing that gridded model outputs are spatial averages constrained
by grid cell resolutions. Station observations, on the other hand, may not represent the broader grid-scale climate. Therefore,
higher consistency between the two does not necessarily imply better model performance. Furthermore, discrepancies in
temporal variability between modeled and observed climate can complicate interpretation when comparing with CMIP6
outputs. In this study, we focused on evaluating the modelstested: ability to simulate snd and ¢sl with similar atmospheric
forcing (tas and pr). The cold bias in LSIMIP tas climatologies and their closer pr agreement with ERAS-Land than with
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observations suggested shared biases from reanalysis and model forcing, which was also possibly due to differences between
grid data and site-level data. The large inter-model spread in CMIP6 tas climatologies indicated substantial differences in
model configuration or parameterization. The family resemblance in ¢sl biases (¢.g., CNRM, HadGEM/UKESM) points to
535  structural similarities within model families. The reduced seasonal spread in JJA suggests that model performance was more
consistent during snow-free periods, while snow dynamics played a role in winter divergence.
WMMMMUKESMI 0-LLeonsistently
s-) points to seasonal over-responsiveness
www@%@&%wlmmd the-other models-varied—suggesting-that-pr were
540 shown in Group C, in contrast to the well-constrained RB and RS of pr_shown in Group L. However, both groups exhibited
similarly large spreads and inconsistent biases in snd, suggesting that the snow-rain criterion remains a source of uncertainty
for the frozen soil simulation. Each land-surface model’s snow scheme—and its sensitivity to air and soil temperature—limits
how much of that precipitation is accounted for as snow. The positive winter relative pr bias and smaller, less systematic relative
snd bias across most models points to possible compensation mechanisms or misalignment between precipitation input and
545  snow accumulation. With better RS and BB of fas and pr in Group L, models still had diverse abilities simulating ¢s/ and snd.
This indicates challenges in accurately capturing the variability and relative bias for these specific variables across different
models and seasons. The systematic over- and underestimations highlight the importance of further refining model approaches
to improve performance in simulating snow and soil temperature dynamics. Snow in DIF, MAM, and SON (Fig. Al) and the
prevailing phase change processes in the soil were likely the main reason for higher Zs/ interannual variability in these seasons.
550 In JJA, all LS3MIP models showed low interannual variability, further indicating the role of snow in stable #s/ simulation.
Given the smaller tas E B and the larger ts| EB in the LS3MIP than in the CMIP6 simulations, the bias spread introduced
by the land-only models was large and is partially compensated for by the atmospheric component in the CMIP6 simulations.
This explains why CMIP6 models show better ¢s/ results. As shown in the subplots of Fig. 5 ((C) tas-DJF) and (L) ts1-DJF),
atmospheric models in CMIP6 tended to show warm biases in air temperature (fas), while LS3MIP land models exhibited
555  cold biases in soil temperature (¢s!) at the same locations, particularly in Siberia. When driven by the same forcing, however,
land models revealed their intrinsic tendencies, which also contributed to differences in snow accumulation despite similar
precipitation inputs. The notable differences in /5 and 25 across seasons further emphasize the importance of understanding.
diverse land-surface interactions in different seasons. Moreover, the seasonal consistency of Group L’s tas 5 suggests that
the bias primarily arises from geographical features at station locations and how these were further represented at different
560 model resolutions and surface configurations. In DJF, the multi-model EB of CMIP6 and LS3MIP #sl was negative, but it’s
positive for CMIP6 tas. And the £S5 of LSIMIP ¢sl was larger than E.5 of CMIP6 tas, although LS3IMIP models were forced
by the same atmospheric data. This indicates larger variability caused by the land surface model than the atmospheric model.

4.3 Permafrost Region

The large RMSE and low correlations of ¢sl in DJF, compared to better results in other seasons, highlight a seasonal dependenc
565 in simulation skill, possibly tied to limitations in frozen-process representations. The consistency of ¢sl accuracy with tas in
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JJA suggests that under unfrozen conditions, the models can simulate soil—atmosphere coupling more reliably. Moreover, better
snow simulation ability improved soil temperature simulation performance. The lower Zas correlation in JIA than in MAM and
SON indicates possible deficiencies in representing surface energy exchange during summer. The difference in the correlation
performance of SON snd between Group L and Group C highlights the importance of a good simulation pr during the snow.
accumulation period. Nevertheless, low correlations and high standard deviations of Group C pr from spring to autumn suggest
that improvements are still needed in simulating precipitation seasonality.

4.4 Climate Dependency of Modeled Temperatures

Cao et al. (2022) discussed an unreasonable warm ¢! bias that is possibly due to the overestimation of permafrost snow depth
in ERAS-Land. Similar warming of 7s/ due to excessive snd occurred in the LS3MIP simulation of HadGEM3-GC31-LL.
Similar to findings from CLMS5 simulations Dutch et al. (2022), several models (CESM2, CNRM-CM6.1, CNRM-ESM2.1
and MIROCO) exhibited cold ¢s biases despite warm tas, likely due to underestimated snow and soil insulation. This resulted
in excessive energy loss from soil to atmosphere when tas <=5 °C. There was an excessively low tsl shown in Fig. 8. At0.2m
depth, this cold bias mainly occurred when soil temperatures were below 0 °C. As shown in Fig. A4 and Fig. A5, at deeper soil
layers (0.8 m and 1.6 m), the cold bias was also present when soil temperatures were above 0 °C. This phenomenon exhibited
strong model dependence, suggesting that the cause was not only related to insufficient representation of surface and snow.
insulation but may also stem from factors such as overly strong thermal resistance in the land-only model parameterizations or

In addition, we categorized the model output by the freeze/thaw state of observation. This enabled us to compare the
performance of two groups in different temperature states. To avoid assessment errors caused by different sample sizes, we
discussed the overall uncertainty exhibited by the model in the thawed state, the freeze-thaw transition state, and the frozen
state, using the boundaries of -5 °C and 5 °C, as the phase change process occurred most frequently between the boundaries.
Low kurtosis of CMIP6 tas difference shows that the CMIP6 ensemble fails to reproduce the realistic spatio-temporal variation
of permafiost tas. The larger standard deviations in LSIMIP s/ results compared to CMIP6 indicate that the land-only
models produce higher variability in Set Intermediate and Set Frozen. The consistently negative #sl bias implies that land
models systematically simulate colder than observed soil temperatures. Notably, only in Set Intermediate LS3MIP and CMIP6
simulated high kurtosis. The close-to-zero median and high kurtosis in Group L #as did not translate into similarly good results
of tsl. This further demonstrates that land surface models exhibit distinct simulation tendencies in frozen soil. When driven by
identical atmospheric forcing, the differences in LS3MIP s/ among models are substantially greater than those observed in
their corresponding CMIP6 simulations. Furthermore, the elevated IQR and standard deviation of the #s difference in Group L.
when s/ was below =5 °C suggest that discrepancies in snow insulation representation, soil layering schemes, or freeze-thaw.
parameterizations contribute to greater simulation inconsistency within the model ensemble.

4.5 Snow Insulation
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Two key phenomena should be considered regarding the snow insulation effect. Firstly, the insulating effect of the soil surface
layeritself remained influential even when snd is very thin. Secondly, the impact of snow on AT (sl — tas) showed the greatest
variability when the snow depth was shallow, stabilizing near 0 °C or lower once the snow depth exceeded about 0.2 m. This
stabilization was minimally affected by tas, with inflection points reached at different depths depending on temperature ranges.
The insulating effect of snow is due to its low thermal conductivity (about 0.3 W m™" K~*), which reduces heat loss from the
soil. This effect became more pronounced at lower tas as the temperature difference (AT) increases.

The results from Fig. 10 suggest that factors beyond tas and snd alse-impact-the-snow-layer’s-ability-impact the ability of
the snow layer to impede energy transfer. Evaluating the snow insulation effect based on LS3MIP or CMIP6 runs alone may

lead to different conclusions. For example-instance, the CESM2 shews-LS3MIP run showed a snow insulation effect closer to
observationsin-its 1=S3MIP-run-but-the-, whereas the CESM2 CMIP6 run of-CESM2-simulates-simulated a much lower AAT

progressComparing Table Al with findings of Wang et al. (2016) revealed notable advancements in newer models. CLM5¢here
tﬂdieafedﬁFGESM%ﬂgeﬂefa{e% 0 (indicated as CESM LS3MIP in Fig. 10) generated AAT profiles that are-more-similarto

m-more closely resemble observed values
within the range of 5°C-40-°C to -15°C. Fhe tso-°C with an RMSE of 079 °C (Table A1) compared 10 CLMA.S (RMSE of
1.46°C in Wang et al. (2016)). However, in the colder categories, it did not perform better, The newer versions of JULESE, used
in HadGEM3-GC31-LL and UKESM1.0-LLy-eutperform-theirpredecessors-whein-, provided better initial insulation at low snd
is-less-than-O-1-values and did not overestimate the insulation effect at higher snd values (lower RMSE in all 3 categories).
Compared to its Wm&gﬂmﬂsmw insulation effect
MM%W&%&&@WIHMWM

Furthermore, the 1P

Burke et al. (2020) also compared the insulation effect of various models, but only within the -15°C to -25 °C category and
among coupled climate models from CMIP6 and CMIP5, not land-only models. Surprisingly, their results showed a degradation
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from CESM1 to CESM2 (CLM4.5 to CLM5.0) when it comes to representing snow insulation. Qur results (CESM CMIP6
in Fig. 10) confirmed this finding, though the land-only simulations (CESM LS3MIPsimulations-indicates-the-snowlayering

schemes-adequately-respond-to-foreing) performed better.

4.6 Impact of Land Model Features on Performance

The strong cold bias of CNRM models may be linked to how the models handle snow cover fraction. These models allow for
a snow-free fraction within vegetated areas, thereby reducing the thermal insulation effect and resulting in colder simulated
soil temperatures. The weaker snow thermal conductivity in the CNRM models was also confirmed by the results in Fig. 10.
As highlighted in Decharme et al. (2019) and Wang et al. (2016), this issue contrasts with observations, which are mostly free
of intercepting vegetation. This exaggerates the snow’s insulation effect in observations in the region. However, land surface
temperatures in boreal forests are typically warmer in winter, mainly due to higher albedo compared to openly snow-covered
areas (Li etal., 2015). Regardless of differences in parameterizations or whether the simulations were coupled or uncoupled,
wmmmmmwwwm

Better snow and soil temperature

sehemes(under snow) simulations are related not only to snow parameterization but also to other land model processes, such as
soil boundary conditions. HadGEM3-GC31-LL and UKESM1.0-LL have-had good performance in simulating ¢s! with their

shallow soil column. Moreover, the zero-flux assumption is possibly more influential on the soil surface when used in a shal-
lower soil columnbettem:; it constrains the RS of soil temperature in winter. Generally-speaking;-In general, defining a bottom
Wm%m@considermg the impact of bottom boundary conditions on soil
temperature i

%%WWMMWWWMMHWM&
was below 0.05m, all models simulated AT (Fig. 10) that was lower than the observed value. This shortage could lead to
an overestimation of the total AT'if the model soil surface insulation is increased. The shortage could be due to insufficient
representation of the thermal offset, which is controlled by factors such as soil texture, soil moisture, and surface organic matter.
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Organic layer can accumulate up to 15 cm on top of the surface of frozen soil with porosity greater than 0.95 (Boike et al., 2013)
-Itis an important factor in the thermal dynamics of the soil surface (Zhu et al., 2019). Incorporating the impact of the surface
organic layer improved the soil temperature simulation in land surface models (Ekici et al,, 2014; Chadburn et al,, 2015). It
was especially true when some models adequately reproduce the insulation magnitude at high snd. UKESMI.0-LL simulated
670 large insulation effects of 4 to 12 °C under low snd (lower than 0.05m), which was closest to the observation and which
might guide to further refinements. Soil moisture critically governs permafrost thermal behavior: high water content lowers
frozen-soil thermal conductivity and heat capacity (Langer et al., 2011a; Jafarov et al., 2020). Low soil moisture content and
the absence of an explicit phase change process can lead to a cold bias in model simulations, making soil temperatures more
sensitive to atmospheric forcing. For example, models such as IPSL.-CM6A-LR exhibit rapid summer thawing, likely due to

675 insufficient latent heat buffering from soil moisture (Burke et al., 2020)._
The HadGEM3-GC31-LL, UKESM1.0-LL, and IPSL-CM6A-LR models exhibit-the-best-erganietayer-thermal-insutation
exhibited the best soil surface insulation when considering the 25 and BB of summer sl. However, the significance of organic

improve their insulation performanees-surface soil insulation was still underestimated.

680 It is challenging to identify how model features influence the vertical energy transportation process without conducting
sensitivity experiments. Different physical processes represented in land surface models may interact in complex ways, either
synergistically or oppositely, affecting the model’s simulation capability. Without the ability to isolate the effects of these
various processes, it becomes-difficult-to-aseertain-is difficult to determine whether simulation errors are-the-result-ofresulted
from one specific scheme or multiple overlapping processes.

685  However, it should be noted that the models with a better representation of snow insulation (Fig. 10), namely HadGEM3-GC31-LL,

UKESM1.0-LL, and IPSL-CM6A-LR, Calonne et al., 2011; Wang et al., 2017
Calonne et al. (2011) improved the snow insulation effect, as demonstrated by a comparison of our results with Wang et al. (2013)

- MIROC6 was not the worst in terms of snow insulation, even though it assumes snow density and thermal conductivity to

690 be constant. Furthermore, the low snow insulation in the CNRM simulations could not be attributed to its snow thermal
conductivity formulation because it uses the same formulation as ERAS-Land. Their total insulation also depends on snow.
density and snow cover fraction.

use more recent formulations for snow thermal conductivit

5 Conclusions

This research investigated coupled CMIP6 and land-only LS3MIP historical climate simulations in frozen soil areas. Errors

695 caused by the land surface models versus the errors caused by atmospheric fereings-forcing or coupled models were quantified
and discussed.

Except in summer months, inaccurate inter-anntial-interannual variability in the simulation of soil temperature by CMIP6

models is mainly caused by deficiencies in the land surface models and is less inherited from atmospheric components. Biases in
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the land surface model-models even partially compensate for the influence of air temperature biases. Similarly, better-improved
precipitation simulation does not ensure-necessarily lead to better snow depth results impreve;espeetally-in winter and spring.
However, in autumn, better snd was simulated with better pr in LS3MIP. Land surface models performed better when coupled
to an atmospheric model (CMIP6). Balancing tuning in coupled climate models with achieving physically accurate land-only
simulations is a key consideration for future model development. Good soil temperature and snow performance in the coupled
model do not necessarily indicate that the land surface component is responding realistically to atmospheric forcing.

Soil temperature biases and their spread between models are much more evident in winter than in the other seasons. Spa-

tially, the models exhibit larger disagreements in reproducing the soil temperature of sites—in-permafrostregionspermafrost
sites. The largest model-biases-bias standard deviation disagreements of tas and sl are witnessed—under-observed in Set
Frozen (temperature lower than -5%C °C) for both ensembles (see Table 3). These indicate a weakness-fer-limitation of models
reproducing the tsl relationship with tas in freezing conditions. Land surface models need to incorporate or improve processes
related to frozen soil and soil hydrothermal dynamics in frozen conditions. This includes enhancing the simulation of soil
moisture content, refining soil thermal and hydraulic parameterizations in frozen states, and representing key features of frozen
soil, such as excess ground ice and surface organic matter.

The deficiency of land surface models is reflected in the = i i i -

ability to simulate snow depth and/or to represent the effect of thermal insulation. Snow insulation plays a critical role in
modulating soil temperatures. Updating the parameterization of snow thermal conductivity, as demonstrated in recent models
such as HadGEM3-GC31-LL and UKESMI1.0-LL. can enhance the insulation effect of snow. However, the insulation effect is
not solely determined by thermal conductivity parameterization. Accurate parameterizations of snow density, snow depth, and
snow depth is accurately simulated, inadequate thermal insulation can result from insufficient snow cover because exposed
ground patches allow greater heat loss. Addressing these factors in future model development is essential for improving the
representation of snow insulation and, consequently, soil temperatures.

Note that the main scope of this study is limited to soil depths down to 0.2 m and that the thermal state of frozen soils is
not determined solely by temperature (Groenke et al., 2023). It is essential to consider various hydrothermal processes within
the deeper soil, including thermal offset, permafrost active layers, seasonally frozen soil freezing depth, and heat and water

transport.

role in capturing frozen soil dynamics and have-to-be-further-investigated-must be investigated further.

—These factors play a critical
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Figure A4. Quantile-Quantile (QQ) and histogram plots for soil temperature in depth 0.8 m. The plots show 30-year mean monthly 0.8 m
and dash curves are the median and 1st/3rd quartiles of the corresponding observations for all data points in the temperature interval, and the
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Figure AS. Same method as Fig. A4, but for soil temperature in depth 1.6 m.
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Table A1l. Root-mean-square error (RMSE) between modelled and observed snow insulation effect (relationship between snow depth and

soil-air temperature differences) across three tas categories, within the 0—-0.8 m snow depth range (excluding fill-values) in

CESM (CMIPG) 209, 397 622
CESM (LS3MIP) 079 218 409
CNRM-ESM (CMIP6) 475 9.67 1215
CNRM:ESM (LSIMIP) 620 1141 1575
UKESM (CMIP6). 071 L12 256
UKESM (LS3MIP) 120 L16 215
MIROC (CMIPG) IRIN 214 541
MIROC (LS3MIP) 079 172 432
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