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Abstract. The Global Coupled model version 5 (GCS5) of the Met Office Unified Model incorporates substantial developments
across its model components and shows improved performance for a range of applications. However, it exhibits a very high
effective climate sensitivity (EffCS) of 6.7 K and an excessive rise in recent global-mean surface air temperatures (GMSAT),
limiting its suitability for some climate applications. This motivated the development of an alternative GC5-based
configuration with EffCS constrained to lie within the IPCC Sixth Assessment Report “very likely” range, improved simulation
of historical temperatures, and acceptable climatological performance. This new configuration, called UKCM2-LL, will form

part of the UK’s submission to CMIP7.

We describe a two-stage methodology used to develop UKCM2-LL. First, a 503-member atmosphere-only perturbed
parameter ensemble (PPE) of GCS5 variants was used to train statistical emulators that predict climatological performance
metrics and atmosphere-only feedbacks. These emulators were then used to generate 41 candidate configurations predicted to
have substantially reduced EffCS relative to GCS. Second, coupled preindustrial control and abrupt 4xCO- experiments were
used to evaluate the candidates against large-scale climatological metrics and to diagnose EffCS, progressively narrowing the
set of viable configurations through an expert-led evaluation process. Final fine-tuning of a single candidate was performed
manually using the coupled experiments and was informed by parameter sensitivity information derived from the PPE. The
resulting UKCM2-LL configuration has an EffCS of 3.6 K and exhibits an improved simulation of historical temperatures
relative to GCS. However, achieving this lower EffCS required a degradation in climatological performance, reflecting a

structural constraint of the GC5 model.

This work demonstrates the value of PPE-based approaches for systematically exploring such structural constraints, and for
parameter tuning during model development. We discuss potential improvements to the methodology and consider the

implications of explicitly constraining climate sensitivity for future model development and multi-model ensemble diversity.
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1. Introduction

The Global Coupled model version 5 (GC5) of the Met Office Unified Model (UM) was developed using an established
approach to model development (Willett et al., in prep.; Xavier et al., in prep.). GCS builds on the GC3/3.1 (Williams et al.,
2018) and GC4 (Xavier et al., 2024) configurations with substantial improvements to convection, cloud, and land-surface
processes, alongside an updated ocean model component (Guiavarc’h et al., 2025) and a new sea ice model, SI® (Blockley et
al., 2024). These developments have led to improvements in the large-scale circulation, a better representation of the diurnal
cycle of convection, more realistic monsoon behaviour, reduced Southern Ocean SST and sea-ice biases, and improved NWP

forecast skill.

However, GC5 also exhibits a very strong emergent response to CO» forcing. The lower resolution version of GC5 has an
effective climate sensitivity (EffCS) of 6.7 K, which substantially exceeds the 5 K upper bound of the “very likely” range for
equilibrium climate sensitivity (ECS) assessed in the IPCC AR6 WGI report (Intergovernmental Panel on Climate Change
(IPCC), 2023). GCS also simulates a rapid increase in global-mean surface air temperature (“GMSAT”) over 1985-2015 of
0.44 K decade!, which is considerably higher than the observed trend of 0.19 K decade™, based on HadCRUTS5 (Morice et al.,
2021).

Such a strong CO, response affects the usability of GC5 for longer-timescale climate applications. For example, a similar (but
reduced) discrepancy in the late-20%/early-21% century GMSAT trend is present in HadGEM3-GC3.1, which underpins the
UK’s national climate projections (Murphy et al., 2018). This was recognised both within that study and by others (Hausfather
et al., 2020), who noted that such trends pose challenges for applying these projections in climate adaptation work. A poor
simulation of historical temperature can also be a critical limitation for decadal prediction, where systematic model biases that
develop after initialisation (model “drift”) can significantly degrade the accuracy of predicted climate anomalies. And the
extremely high EffCS for GCS5 also limits its use as the physical component of Earth-system models (e.g. UKESM1.1; Mulcahy
et al., 2023). For example, carbon-cycle studies with Earth-system models provide a means to explore feedbacks that are not
represented in physical-only models. But coupling to a physical model with such a high EffCS means that even small additional

uncertainties can easily generate implausible simulations, limiting the range of feedbacks that can be explored.

Given these potential limitations, we initiated a project to explore alternative configurations of GC5, with more moderate
EffCS value that could be better suited to these longer-timescale climate applications. This ultimately led to the UKCM2-LL
configuration, which has an EffCS of 3.6 K. This paper describes the methodology by which UKCM2-LL was developed,
through the tuning of GC5 model parameters. A companion paper by Bodas-Salcedo et al. (in prep.) provides a more detailed

assessment of the climatological performance of UKCM2-LL. Both studies focus only on lower resolution simulations and so
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we drop the term “-LL” and refer to the configuration as “UKCM?2”. Together, these two papers provide the documentation

for UKCM2-LL, which will form part of the UK’s submission to the CMIP7 project.

The established UM development process aims to reduce model biases in present-day climate and NWP simulations by
addressing known deficiencies in the model’s physical parameterisations. However, the model’s emergent response to external
forcing is not explicitly considered during this process. In contrast, the development of UKCM?2 followed a different approach:
perturbed parameter ensembles (PPEs) were used to tune GC5 model parameters to ensure that its emergent response to

forcings satisfied the following criteria:

1. an EffCS within the IPCC ARG6 very likely range of 2 — 5 K; and

2. an improved simulation of historical surface temperatures relative to GCS5.

In addition, the adoption of the final UKCM2 configuration required that an acceptable level of climatological performance
was maintained. These criteria were defined following an internal consultation exercise involving potential users of alternative

GCS5 configurations across multiple applications (see Bodas-Salcedo et al., in prep. for details of this consultation exercise).

In practice, only the EffCS and climatological performance were actively considered during the development of UKCM2.
Because of the high computational cost, only a very small number of historical simulations were conducted, and metrics of
historical surface temperature (e.g. Bodas-Salcedo et al., 2023) were therefore not used as development targets. Instead, it was
assumed that lowering the EffCS would improve the simulation of historical temperature, while acknowledging that any such
improvement could arise from compensating errors associated with incorrectly simulated SST patterns (Andrews et al., 2022;
Armour et al., 2024). An evaluation of UKCM2’s historical temperature simulation was conducted prior to its formal adoption

and is described in Bodas-Salcedo et al. (in prep.).

Although there have been examples of similar approaches, whereby models are tuned or selected based on their emergent
properties (Boucher et al., 2020; Mauritsen et al., 2019), this is not common practice in climate model development (Hourdin
et al., 2017; Schmidt et al., 2017) and it is notably different to the established UM development process. We discuss the

potential implications of this approach, e.g. for the diversity in multi-model ensembles, in Sect. 5.2.

The use of PPEs was another novel aspect of the development of UKCM2. PPEs of Hadley Centre models have been used in
a wide range of studies, including uncertainty estimation (Murphy et al., 2004, 2007; Sexton et al., 2012), parameter
sensitivities and constraints (Johnson et al., 2018, 2020; Tsushima et al., 2020), causal-based process understanding (Sexton
et al., 2024; Yamazaki et al., 2021), investigations of structural model biases (Furtado et al., 2023; McNeall et al., 2016;
Regayre et al., 2023; Rostron et al., 2025) and the development of national climate projections (Murphy et al., 2018). More
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broadly, PPEs are increasingly being used in model development for model calibration and tuning, supported by advances in
computationally efficient climate model emulators and parameter-optimisation techniques (Bonnet et al., 2025; Elsaesser et

al., 2025; Lee et al., 2011; Watson-Parris et al., 2021; Williamson et al., 2013; Yarger et al., 2024).

To date, however, PPEs have not been used routinely in the development of the UM. For UKCM2, we adopted a PPE-based
method that comprised two stages. The first stage used atmosphere-only experiments to explore alternative GC5 parameter
settings and to optimise a set of promising “candidates”. The second stage used coupled-model experiments to test the large-
scale climatological performance and climate sensitivities of a smaller subset of these candidates. This two-stage process was
required because GCS5 is a relatively slow model (its speed is similar to HadGEM3-GC3.1-LL, which is compared to other
CMIP6 models in Acosta et al., 2024). Running a large PPE of coupled simulations would therefore have been prohibitively

computationally expensive.

The atmosphere-only based optimisation followed the method of Peatier et al. (2022), who used a PPE of the atmospheric
component of CNRM-CM6-1, to produce alternative model configurations spanning a range of net feedback parameter values,
while minimising a climatological error metric. We adopted a very similar approach, using a PPE of the atmospheric
component of GC5 to optimise 41 UKCM2 candidates which were expected to have low EffCS. These candidates were
subsequently evaluated using coupled pre-industrial control and abrupt-4xCO2 experiments. In the later stages of development,
parameter sensitivity information derived from the PPE was used, in part, to guide the manual fine-tuning required to produce

the final UKCM2 configuration.

The remainder of this paper is organised as follows: Sect. 2 describes the models and methods used in the development of
UKCM2, including the GC5 PPE and its emulation, the atmosphere-only and coupled experiments conducted, and the metrics
used to evaluate climatological performance and climate sensitivity. Sect. 3 outlines the methodology for developing UKCM2,
including the atmosphere-only-based parameter optimisation (Sect. 3.1), the subsequent evaluation of UKCM2 candidates in
coupled experiments (Sect. 3.2), and the fine-tuning used to finalise UKCM2 (Sect. 3.3). In Sect. 4 we analyse the key
differences in parameter values between GC5 and UKCM?2, and in Sect. 5 we discuss potential improvements to the
methodology, how lessons learned from the development of UKCM2 could be incorporated into future UM model

development, and the broader implications of employing similar approaches in the development of climate models.
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2. Models and methods
2.1 GC5

The starting point for the development of UKCM2 was the Global Coupled model version 5 (GC5) of the Met Office Unified
Model (UM), which was developed using the established UM development process in collaboration with national and
international partners. GC5 comprises the Global Atmosphere and Land (“GAL9” Willett et al., in prep.) and Global Ocean
and Sea Ice components (“GOSI9”; Blockley et al., 2024; Guiavarc’h et al., 2025), with coupling provided by the OASIS3-
MCT coupler (Craig et al., 2017). Here, we describe the main developments for GC5, relative to GC3.1 which formed the
basis for the UK’s submission to CMIP6 (Williams et al., 2018). Further details can be found in the aforementioned

documentation papers, and an evaluation of GC5 is given in Xavier et al. (in prep.).

GALD9 incorporates developments in most areas of the model physics relative to GA7.1 (used in GC3.1; Walters et al., 2019).
These include: the introduction of a prognostic-based convective entrainment rate into the mid-level convection scheme
(Willett et al., 2025, in prep.; Willett and Whitall, 2017); alignment of mid- and deep-level convection (with deep convection
subsequently switched off); a new parameterisation for riming (Furtado and Field, 2017); bimodal cloud initiation (Weverberg
et al., 2021a, b); and several changes to improve the large-scale circulation (Williams et al., 2020). Updates to the aerosol
scheme include an improved parameterisation of SO, dry deposition (Hardacre et al., 2021) and a new representation for
marine organic aerosols (Gantt et al., 2011, 2015). For the JULES land component (Best et al., 2011), changes were made to
the calculation of surface albedo to improve agreement with observations and to remove the previous scaling to climatology.

The soil hydrology parameterisation was also updated, improving drainage to lower soil layers.

The ocean component of GC5 is based on version 4.0.4 of the NEMO ocean model (Guiavarc’h et al., 2025; Madec et al.,
2019). It includes a new equation of state (IOC et al., 2010); uses adaptive-implicit vertical advection to enable significant
increases in the model time step; and employs a higher-order tracer advection scheme to reduce numerical mixing (Guiavarc’h
et al., 2025). GC5 includes a new sea-ice component, based on NEMO’s native SI® model (Sea Ice modelling Integrated
Initiative; Vancoppenolle et al., 2023). The GC5 sea-ice component and its coupling processes are documented in Blockley et

al. (2024).

The development of UKCM2 was carried out using lower-resolution climate simulations, with a horizontal resolution of
approximately 135 km in the atmosphere (midlatitudes) and 1° in the ocean (known as “N960ORCA1”). UKCM2 will form
part of the UK’s submission to the CMIP7 project, and there the naming convention “-LL” is used to reflect the lower
resolutions used for the atmosphere and ocean model components. For the remainder of this paper, however, we drop these

naming conventions and simply use the names “GC5” and “UKCM?2” for these configurations.
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2.2 The GCS PPE

The development of UKCM2 from GC5 was based primarily on changes to parameters in GAL9. Prior to this, the parameter
space of GC5/GAL9 was explored using a 503-member PPE, and this PPE was used extensively in the subsequent development
of UKCM2. The PPE was created slightly before the final GC5 configuration was defined, meaning that it did not include a
fix to address unrealistic surface temperatures from very occasionally developing for a single timestep under highly specific
conditions (see GMED ticket #604 in Willett et al., in prep.). This change was found to have a negligible effect on lower-
resolution AMIP simulations, and so we refer to the PPE as the “GC5 PPE”.

The GC5 PPE was built by making simultaneous perturbations to 73 independent model parameters across seven
parameterisation schemes (the boundary layer, gravity wave drag, convection, cloud microphysics, cloud/cloud radiation,
aerosols and land). The majority of the parameters had already been included in earlier UM-based PPEs (Rostron et al., 2025;
Sexton et al., 2019, 2021). Additional parameters, and their prior distributions were elicited from model experts to target key
uncertainties in GC5’s simulation of present-day and future climate, with a focus on generating a spread of outcomes in

radiative feedbacks. A summary of the key parameters used in the development of UKCM2 is given in Table 1.

500 of the members were defined using Latin hypercube sampling of the prior distributions, which provides an efficient way
to explore the effects of perturbing the parameters across their ranges, and the interactions between them. Three more members
were added to this: one used the default GC5 parameter settings (i.e. “GC5”), and two were defined using the modal and
median parameter values from the elicited parameter distributions as these have been shown to represent PPE mean behaviour
reasonably well (Rostron et al., 2025). (In practice, many of the distributions have flat tops so the mode is not uniquely defined.

In these cases, we use the central value from the flat part of the distribution to define the mode.)

2.3 Experiments
2.3.1 Atmosphere-only experiments

The 503 GC5 PPE members, together with a subsequent set of 41 UKCM2 candidate configurations (Sect. 3.1), were tested
using two five-year atmosphere-only experiments. These experiments were designed to assess the present-day climatological
performance and radiative feedbacks. Their design closely follows the CMIP6 amip and amip-future4K experiments (Eyring
etal., 2016; Webb et al., 2017), but with modifications as described below. In previous PPE studies using UM-based models,
these experiments were referred to as “ATMOS” and “SSTFuture” (e.g. Sexton et al., 2021). However, despite the departures
from the standard CMIP protocol, we refer to them here as “amip” and “amip-future4K” for simplicity. We also use the term

“amip experiments” when referring to both experiments collectively.
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Table 1 Key parameter perturbations used in the development of UKCM2, from the amip-based optimisation and/or the coupled-

200 model based fine-tuning.

Scheme Parameter name

Description

GCS5 value

UKCM2 value

Range tested

Convection ent fac sh

thpixs mid

¢ _mass_sh

Cloud and
cloud radiation

dbsdtbs_turb 0

two _d fsd factor

dp_corr_strat

Cloud
microphysics

m_ci_rp

Aerosols

ps_natl dms_emiss

marine_pom_ems_scaling

sea_salt ems_scaling

Scaling factor for entrainment rate for
shallow convection

Size of the initial buoyancy
perturbation for mid-level convection
prior to level pressure thickness
scaling.

Scaling factor for the cloud-base mass-
flux for shallow convection

Parameter controlling the rate at which
unresolved sub-grid motions mix clear
and cloudy air and hence removes
liquid condensate and evaporates liquid
cloud fraction.

Scaling factor applied to empirically
derived one-dimensional cloud
condensate variability to make it
represent two-dimensional variability.

Parameter controlling the amount of
vertical overlap between clouds in the
sub-column in the cloud generator used
to calculate the radiative impact of
clouds.

Scaling factor for the cloud ice fall
speed
Scaling factor for emissions of sea salt

Scaling factor for emissions of natural
DMS

Scaling factor for emission of primary
marine organic aerosol

1.000

0.500 K

0.030

1.50 x 10!

1.65

10000 Pa

1.000

1.0

1.0

2.253

0.762 K

0.058

6.25 x 107!

1.27

35851 Pa

1.393

1.4

1.4

0.33-3.00

0-1K

0.01 -0.09

0-10x 104!

2500 — 40000 Pa

03-3.0

0.12-4.00

05-2.0

0.25-4.00

Compared with the CMIP6 amip protocol, the experiment conducted here was shorter (5 years instead of 36) and used

205 prescribed daily sea surface temperatures (SSTs) and sea ice concentrations from the HadISST2 observational dataset (Titchner

and Rayner, 2014), rather than the standard CMIP6 boundary conditions (Durack et al., 2022). The simulations spanned 1
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September 2004 to 1 December 2009, with the first three months used as a spin-up period which was excluded from all

subsequent analysis.

The amip-future-4K experiment follows the CMIP6 protocol by perturbing the amip boundary conditions with a prescribed
4 K global-mean SST warming pattern derived from CMIP3 coupled model simulations (Webb et al., 2017). Sea ice

concentrations were held fixed relative to the amip experiment.

For both the amip and amip-future-4K experiments, we also ran 32 realisations of the unperturbed GC5 configuration, which
differed only in the random seed used to initialise the stochastic schemes used in GC5. We refer to these as the “stochastic”
experiments. These simulations are used to characterise the atmospheric internal variability in GCS5, under the implicit

assumption that this variability is independent of the model parameter values.

The results from these experiments were used primarily to train emulators (Sect. 2.4) for the amip feedback parameter, and for
a set of variables used to assess the present-day amip performance (Sect. 2.5.1 and 3.1). These emulators were subsequently

used throughout the development of UKCM?2.

2.3.2  Coupled experiments

The most promising candidates for UKCM?2, identified using the amip experiments, were subsequently evaluated using
coupled pre-industrial control and abrupt-4xCO2 experiments. These coupled simulations were conducted to assess the

climatological performance and the EffCS of each candidate.

The pre-industrial control experiment followed the standard CMIP6 protocol, with all relevant forcings - well-mixed
greenhouse gases, ozone, solar irradiance, tropospheric and stratospheric aerosols, and land surface properties - set to their
1850 values (Eyring et al., 2016; Menary et al., 2018). The simulations for each candidate were initialised using the EN4 ocean
reanalysis, averaged over the years 1950-1954 (Good et al., 2013).

Twenty-two candidates were tested using the pre-industrial control experiment, and each was integrated for a minimum of 44
years to allow the atmosphere, land surface, ocean mixed layer, and sea ice to adjust before an initial assessment of their
climatological performance. The simulations for a subset of the best-performing candidates were extended, with at least of 174
additional years of integration (Sect. 3.2). A single “proto-UKCM?2” candidate was then fine-tuned, during which parameter
adjustments were applied at later points in the pre-industrial control simulation (i.e. the simulation was not re-initialised from

the EN4 ocean reanalysis each time a parameter was adjusted; Sect. 3.3).
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We refer to the initial 44-year phase as the ‘picontrol-spinup’ experiments and the subsequent phases as the ‘picontrol’

experiments, following CMIP6 terminology.

The duration of these experiments was considerably shorter than is typical for CMIP picontrol simulations, and the candidates
were therefore not expected to reach equilibrium during the development. This was a pragmatic decision, reflecting the
computational expense of running coupled simulations for multiple candidates. Although the ultimate objective was to develop
a configuration capable of producing a stable long-term simulation, equilibrium was not required during the development itself.
Instead, the aim was to identify the most promising parameter settings by iteratively discarding candidates that were least
likely to result in an acceptable final configuration. Running each candidate and fine-tuning test to near equilibrium would
have been inefficient and was therefore not attempted. As a result, particular care was required to account for model drifts

when evaluating the performance of the candidates.

A small number of abrupt-4xCO2 experiments were conducted to assess the EffCS of the most promising candidates (Sects.
2.5.2, 3.2 and 3.3). These experiments also followed the CMIP6 protocol, whereby a simulation branches from the picontrol
and its CO; concentrations are instantaneously quadrupled relative to their 1850 value, while all other pre-industrial forcings

remain unchanged. Each of the abrupt-4 xCO2 experiments was integrated for 150 years.

2.4 Emulators

To make systematic use of the large number of amip simulations (Sect. 2.3.1), we employed statistical emulators. These
emulators are statistical models, trained on climate model output, that map climate model parameter values to simulated
quantities. They allow us to estimate the expected model output at any point within the explored parameter space, while

reducing the influence of internal variability.

We trained emulators using only the amip and amip-future4K experiments because the limited number of candidates evaluated
with the coupled experiments was not sufficient to train reliable emulators. The amip emulators were used extensively in the
development of UKCM2 - to optimise an initial set of candidates (Sect. 3.1) and to quantify amip parameter sensitivities (Sects.

3.3 and 4). Further details of their construction and application are provided in those sections.

Our emulators implement the Gaussian Process methodology described in Sexton et al. (2019). In summary, a smooth,
continuous model across the parameter space is created by simultaneously fitting a linear model, based on a subset of the most
sensitive parameters, along with a Gaussian Process model (fitted to the residuals of the linear model), which relies on
optimised decorrelation length scales for each parameter. To account for internal variability in the data, the stochastic

experiments were used to specify a nugget term, which reduces the chance of the emulator fitting to noise.

9



275

280

285

290

295

300

305

https://doi.org/10.5194/egusphere-2026-1676
Preprint. Discussion started: 14 April 2026 G
© Author(s) 2026. CC BY 4.0 License. E U Sp here

2.5 Performance assessment, feedbacks and EffCS
2.5.1  amip performance and feedbacks

As discussed in the Introduction, we applied a method adapted from Peatier et al. (2022) to optimise and select 41 UKCM?2
candidates. The optimisation was based on the climatological performance and the feedback parameter derived from the amip

experiments. We define these here, whilst the details of the optimisation are described in Sect. 3.1.

The amip climatological performance was quantified using root-mean-squared errors (RMSEs) of the 5-year climatologies for
18 variables (which are listed in Table A1). This is a larger set of variables than was used by Peatier et al. (2022), chosen to
capture the performance across a range of atmospheric processes and to reduce the chance of inadvertently rewarding
compensating errors. One of the variables considered was an implied ocean heat transport metric (“fmassefp”), which is the
energy flux potential of the net downwelling energy flux into the ocean (Pearce and Bodas-Salcedo, 2023). This variable was
introduced to try and reduce adjustments when the candidates are run in coupled mode. A smaller error in fmassefp implies a
pattern of surface energy flux that is closer to the observed pattern, and therefore it is expected to be more compatible with the

present-day divergent ocean heat transport.

Following Peatier et al. (2022), the RMSEs were calculated using spatial fields truncated to the leading five empirical
orthogonal functions (EOFs). These EOFs were defined using the 503-member GC5 PPE. Truncation at five EOFs was chosen
because this captured much of the variance across the PPE while retaining good signal-to-noise in emulated predictions (Peatier
et al., 2022). The observational reference fields were truncated in a consistent manner, by projecting them onto the EOF bases
defined by the PPE. Peatier et al. (2022) argue that this focuses the optimisation on aspects of the real climate system that are
captured by the model across parameter space. For emulated candidates, the truncated spatial field for each variable was

reconstructed as the linear combination of the five EOF basis fields, weighted by the corresponding emulated EOF amplitudes.

The overall performance for each candidate was summarised using an “amip aggregate error” metric, defined as the mean of
the 18 RMSE values, where each had first been normalised to the RMSE value for GC5. For the remainder of this paper, the

amip aggregate error is denoted as “Eqmip”.

The observation and reanalysis datasets used to calculate the errors are given in the final column of Table A1. For the radiative
fluxes we used the CERES Energy Balanced and Filled (EBAF) Edition4.1 dataset (Loeb et al., 2018;
NASA/LARC/SD/ASDC, 2019), while ERA-Interim reanalysis was used for temperature, relative humidity and wind
variables (Dee et al., 2011). For precipitation, we used the Global Precipitation Climatology Project (GPCP) monthly analysis
version 2.3 (Adler et al., 2018); and for surface pressure we used the HadSLP2 dataset (Allan and Ansell, 2006). For fmassefp
we used DEEP-C v5 (Liu et al., 2017).

10
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Global-mean radiative feedbacks were diagnosed from the amip-future-4K experiment as the ratio of the change in five-year
global-mean top-of-atmosphere (TOA) flux to the corresponding change in global-mean surface air temperature (relative to
amip). Feedbacks were calculated for several TOA flux components; however, we focused primarily on the all-sky net TOA

feedback, hereafter denoted Aumip (the amip feedback parameter).

Atmospheric feedbacks are a key component of the equilibrium climate response to CO» forcing in coupled experiments (Qin
et al., 2022; Ringer et al., 2014), and A.mip Was used to provide information on the likely EffCS of the candidates during the
amip-based stage of the development of UKCM2 (Sect. 3.1). However, the amip-future-4K experiment is insensitive to several
coupled feedbacks (e.g. the sea-ice-albedo feedback) and does not quantify the CO, forcing. Consequently, accurate

assessments of the EffCS of candidates was only possible using the coupled abrupt-4 xCOZ2 experiments.

2.5.2  Coupled-assessment metrics and EffCS

The suitability of UKCM2 candidates during the coupled-model-based development was evaluated using target ranges for 11
large-scale metrics assessed from the picontrol-spinup and picontrol climatologies, along with a target range of 2 — 5 K for the
EffCS. The 11 metrics were: global-mean net, net shortwave and outgoing longwave TOA fluxes (“net TOA”, “netSW” and
“OLR”, respectively); global-mean surface air temperature (“GMSAT”); the Atlantic meridional overturning circulation
(“AMOC”) transport at 26.5°N; the Antarctic Circumpolar Current (“ACC”) transport through Drake Passage; Arctic and

Antarctic sea ice area means and annual ranges; and Arctic winter sea ice volume. These metrics are summarised in Table 2.

We used these “coupled-assessment metrics” during the development to assess the stability and large-scale climatological
performance of the candidates, across the different model components. The target ranges were defined to ensure that the final
configuration provided a plausible large-scale climate and would be expected to perform acceptably in the subsequent, more

detailed assessment described in Bodas-Salcedo et al. (in prep.).

The use of target ranges, rather than the RMSE-based metrics used in the amip experiments, also reflected a shift in our
development approach during the coupled testing. While the amip-based optimisation relied on a single, well-defined
cost-function (Eamp) within an optimisation algorithm (Sect. 3.1), the coupled development followed a more subjective,
expert-led process typical in model development (Sects. 3.2 and 3.3). The use of target ranges provided the flexibility required

to explore the performance trade-offs that were expected in defining a final UKCM2 configuration.

A key aim in the development of UKCM?2 was to achieve a net TOA flux close to zero, in order to minimise systematic

accumulation or loss of heat by the ocean. Accordingly, a target range of £0.15 W m was adopted for the net TOA flux.
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During earlier stages of the coupled development (Sect. 3.2), a wider target range of £1.0 W m was used to avoid rejecting

candidates before fine-tuning had been attempted.

For the remaining variables, the target ranges were chosen to reflect observational or reanalysis estimates, and their associated
uncertainties. In many cases these estimates were based on present-day observations, and adjustments were therefore required
to convert them to values appropriate for the picontrol climatologies. For netSW and OLR, we based the target ranges on
observed estimates from Loeb et al. (2018) and L’Ecuyer (2015), with present-day to pre-industrial adjustments taken from
the UKESM1.1 model under CMIP6 forcings (Mulcahy et al., 2023). This resulted in a target range of 239 — 241 W m for
both netSW and OLR. For the GMSAT we adopted a target range of 286 — 287 K, based on an estimate for the 1850 — 1900
pre-industrial average reported in the Global Climate Highlights 2023 report (Copernicus Climate Change Service (C3S),
2024). A range of 1 K was chosen to reflect the challenges in establishing an absolute temperature for the pre-industrial period,
given the uncertainties associated with poor spatial coverage and the lack of standardised measurement techniques. As with
the net TOA target range, a wider range of 285 — 288 K was adopted during earlier phases of the coupled development (Sect.
3.2).

For AMOC, we adopted a conservative target range of 11 — 19 Sv. This incorporated estimates from the Estimating the
Circulation and Climate of the Ocean project (ECCO) and the RAPID array (Bonan et al., 2025), with an adjustment for
present-day to pre-industrial conditions based on typical anomalies from CMIP6 models (noting that these anomalies are
thought to be overestimated; Menary et al., 2020; Robson et al., 2022). For the ACC, we adopted a similarly conservative
target range of 110 — 190 Sv, spanning both the canonical estimate of 134 Sv (with an uncertainty up to 27 Sv; Cunningham
et al., 2003; Whitworth and Peterson, 1985) and a more recent higher estimate of 173.3 Sv (Donohue et al., 2016). No present-

day to pre-industrial adjustment was applied to the ACC target range.

For the sea ice variables, the target ranges for sea ice areas were informed by present-day observations through the
HadISST2.2.0.0 dataset (Titchner and Rayner, 2014), with pre-industrial corrections applied using expert judgement. For the
annual means, the target ranges were 11.5 — 13.0 x 10% km? for the Arctic and 12.0 — 16.0 x 10° km? for the Antarctic, while
for the annual ranges the targets were 7.5 — 9.5 x 10° km? for the Arctic (March — September) and 7.5 — 9.5 x 10° km? for the
Antarctic (September — February). The Arctic winter (March) sea-ice volume target was informed by the Pan-Arctic Ice-Ocean
Modeling and Assimilation System (PIOMAS) sea ice volume reanalysis (Schweiger et al., 2011). This was also adjusted to a

pre-industrial value using expert judgment, resulting in a target range of 30 — 45 x 10° km®.

EffCS values were diagnosed following the method of Gregory et al. (2004). This regresses global-mean net TOA flux
anomalies (AN) against corresponding GMSAT anomalies (AT) from the 150-year abrupt-4 xCO2 experiment. Anomalies are

used to remove model drifts, which are estimated by fitting linear trends to N and T over the coincident period in the
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corresponding picontrol simulation. The coupled feedback parameter, Axcoz, is estimated using the slope of this regression,
while the effective radiative forcing for a doubling of CO: is estimated as half of the regression intercept (EffFsc02/2). The

EffCS is then computed as EffCS = —EffF,,c02/(2 X A4xcoz) following Andrews et al. (2019).

Following an internal consultation exercise with a range of potential users of a lower-EffCS configuration of GC5, a target
range of 2 — 5 K was adopted, based on the “very likely” range for equilibrium climate sensitivity (ECS) assessed in the IPCC
AR6 WG report (Intergovernmental Panel on Climate Change (IPCC), 2023). This was felt to be an achievable aim that

would satisfy the requirements for multiple applications, as discussed in the Introduction.

3. Development of UKCM2-LL

Initial analyses of the GC5 PPE showed that typical values of Aump were between -1.43 and -0.74 Wm=2 K™ (2.5 -
97.5 percentiles; see Fig. 1), with a minimum value of -1.55 W m™2 K~!. For context, the Ay value for GC5 (with an EffCS
of 6.7 K) was -1.22 W m™ K''. We also estimated that the upper limit of the target range for EffCS (5 K) corresponded to a
Aamip value of -1.37 W m?2 K!, under the simplifying assumption that, for GC5, the missing coupled feedbacks and the CO,

forcing do not vary with the PPE parameter perturbations.

These results were a key motivation for the development of UKCM2. They indicated that, although most GC5 PPE members
would exhibit high EffCS values, alternate parameter combinations could potentially produce configurations with “acceptable”

EffCS values i.e., within the target range of 2 — 5 K.

At this stage, however, it was not clear whether such alternate configurations would produce plausible amip simulations, or
how they would behave when tested in the coupled picontrol and abrupt-4 xCOZ2 experiments. The following sections describe
how these questions were addressed through the development of UKCM2, including:
e an automated “amip-based optimisation” stage, where the GC5 PPE was used to generate 41 UKCM2 candidates that
were predicted to have an acceptable EffCS, while maintaining E,p, as far as possible (Sect. 3.1);
e an expert-led “coupled-model evaluation” stage, where the candidates were evaluated using the large-scale coupled-
assessment metrics and EffCS (defined in Sect. 2.5.2), ultimately resulting in a single “proto-UKCM2” configuration
(Sect. 3.2); and,
e an expert-led “fine-tuning” stage, where model parameter values were adjusted to achieve acceptable performance in

the large-scale coupled-assessment metrics (Sect. 3.3).

13
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Figure 1: Eumip VS Aamip. Grey points denote the emulated Monte Carlo samples, and the green stars are the emulated predictions
for the 41 optimised UKCM2 candidates. Blue points show the corresponding simulated values for these 41 candidates from the
amip experiments. The 22 filled blue points indicate the candidates that were subsequently tested using the picontrol-spinup
experiment; the 19 open blue points correspond to candidates which were not tested any further. The red diamond marks the

GCS simulation (i.e. the unperturbed GCS PPE member) which has an Eumip of 1 by construction. The 2.5 - 97.5 percentile range
of Aamip values from the GCS5 PPE is shown in orange. The dashed vertical line is an estimate of Aumip for EffCS=5 K.

3.1 amip-based optimisation

405 We used information from the amip simulations of the 503 GC5 PPE members to generate a set of 41 UKCM2 candidates
which could subsequently be tested using coupled experiments. Our approach closely followed that of Peatier et al. (2022),
and consisted of the following steps:

1. Emulators were trained to predict Aumip and the amip aggregate error (Eamip) for arbitrary GC5 parameter combinations.
2. Large Monte Carlo samples of GC5 parameter combinations were generated, and predictions of Auui and Egmip were

410 made using the emulators.
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3. Forty-one promising UKCM2 candidates were selected from these samples and subsequently optimised using a
Nelder-Mead algorithm.

4. The 41 optimised candidates were tested using amip experiments.

3.1.1 Emulated predictions for Aumip and Eaumip

Emulators for Aumip and Eamp were trained using the 503-member GC5 PPE, enabling predictions across the GC5 parameter
space. For Euujp, separate emulators were trained for the amplitudes of the leading five EOFs for each of the 18 variables listed
in Table Al. Emulated predictions of the 18 RMSEs, and E», were then constructed as described in Sect. 2.5.1. Predictions
of Aumip and Eamip across the GC5 parameter space were made by evaluating two large Monte Carlo samples, each containing
several million parameter sets. To reduce computational costs, only the 37 most influential parameters (from the original 73)
were perturbed. A parameter was perturbed only if it explained at least 3% of the variance across the PPE for at least three of
the 18 RMSEs contributing to E.ujp. Sample values for these 37 parameters were drawn from their prior distributions (Sect.

2.2), while the remaining 36 parameters were fixed at their default GC5 values.

Several constraints were applied to both Monte Carlo samples. First, emulated predictions of global-mean net TOA flux were
required to be between -2 and +3 W m, to exclude parameter combinations likely to produce coupled picontrol simulations
that were substantially out of radiative equilibrium. Second, a constraint was applied to emulated predictions of Atlantic water
flux, which was calculated as the 5-year mean of precipitation plus run-off minus evapotranspiration, summed over the Atlantic
basin. This was constrained to be between -1.0 and -0.2 Sv (Ganachaud and Wunsch, 2003); again, this broad range was chosen

to exclude samples that were clearly implausible.

A further constraint was applied to remove samples whose emulated predictions lay outside the convex hull of the 503 PPE
simulations, for the 18 emulated variables. This was intended to mitigate the impact of extrapolation, by restricting predictions
to regions of parameter space sampled by the PPE simulations. For the second Monte Carlo sample, an additional constraint
required Agmp to be less than -1.4 W m? K'!. This was done to provide denser sampling in the most promising regions of
parameter space, which were expected to produce EffCS values less than 5 K. After applying all of the constraints, the two
samples contained a combined total of 124884 parameter sets. The resulting emulated predictions of Aumip and Euuip are shown

in grey in Fig. 1.

For Aumip values below —1.4 W m™ K™', the lower envelope of these predictions shows that the minimum achievable E.u;p
increases as Aamjp decreases. This highlights a key structural constraint of the GC5 model: within the sampled parameter space,
achieving lower Aumip (and hence lower EffCS) requires degradations in present-day climate performance. This trade-off

between EffCS and climatological performance was a key consideration in the subsequent development of UKCM2.
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3.1.2  Optimising 41 UKCM2 candidates

Using the constrained Monte Carlo samples, we generated 41 UKCM?2 candidates using a two-stage optimisation process.
First, parameter sets with predicted Azmp, between -1.64 (the minimum) and -1.41 W m2 K! were split into 22 equally spaced
Aamip bins. Within each bin, the two parameter sets with the lowest predicted Eum.;, were selected. The lowest three bins

contained only one sample each, giving a total of 41 selected parameter sets.

In the second stage, these 41 parameter sets were optimised using a Nelder-Mead algorithm, with Euujp acting as the cost
function. The constraints applied to the Monte Carlo samples — for global-mean net TOA, Atlantic water flux and the convex
hull — were also used in this optimisation. In addition, the optimised A.ui» for each candidate was required to remain within the

bounds of its original bin. The resulting 41 optimised UKCM?2 candidates are shown as green stars in Fig. 1.
Hereafter, these candidates are uniquely identified using the labels “p01” to “p41”.

After UKCM2 was finalised, we identified three errors in this optimisation process. First, we found that the normalised RMSE
values for fmassefp were not as large as intended (possibly due to an issue with the values used for the observations), meaning
that this metric effectively did not constrain the resulting parameter values. We tested the impact of correcting this error and
found that for most candidates it would only have affected the Nelder—Mead optimisation, where its influence was negligible.
For a small number of candidates, however, it would have affected the initial selection and led to different parameter sets being

chosen in these cases.

Second, we found that although the parameter ps natl dms emiss was not perturbed in the Monte Carlo samples, it was
included in the Nelder-Mead optimisation. This had a negligible impact however, and the optimised values remained very
close to the GCS5 value of 1.0 (typically within 0.99 — 1.01; note this parameter was later perturbed during the coupled fine-
tuning — see Table 1 and Sect. 3.3). Finally, the parameters mp_dz_scal and param_mp_tau_lim were perturbed in the Monte
Carlo samples but were mistakenly reset to their unperturbed GC5 values at the start of the Nelder-Mead optimisation and

remained fixed thereafter.

The combination of these three issues did not adversely affect the optimisation, and so the 41 candidates remained very good
candidates. This is evident from the fact that they track the lower envelope of Eumip VS Aamip values from the Monte Carlo
samples in Fig. 1 (green stars compared with grey points); and ultimately these errors did not prevent a suitable final UKCM2

configuration being produced.
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3.1.3  amip simulations for the 41 UKCM2 candidates

The 41 optimised candidates were assessed using the amip and amip-future4K experiments. The resulting Eqnip and Agmip values
are shown in Fig. 1 (open and closed blue points). While E..;, values were reasonably well predicted by the emulators, Aamip
values were less accurately predicted. The differences between the simulated and emulated Amip values had a mean and
standard deviation of 0.082 + 0.078 W m K*!, indicating the emulated values were generally biased low, and highly variable.

(We note that the comparison here is not influenced by the methodological errors noted in Sect. 3.1.2).

Despite this, the results from the amip simulations showed the same broad structural relationship for Eump and Aumip that was
noted in Sect. 3.1.1, i.e., that the candidates with lower Aamj typically have higher Eqnjp. Notably, although GCS has a high
Aamip, 1t performs better than all of the 41 candidates, highlighting the effectiveness of the expert-led tuning to present-day

performance metrics (but not emergent responses) in the conventional UM model development process.

Importantly, 34 of the 41 candidates had Aumip values lower than -1.37 W m2 K-!, corresponding to EffCS estimates lower than
the upper bound of the target range (5 K). Based on these results, a subset of the 41 candidates was selected for further

evaluation using picontrol-spinup simulations.

3.2 Coupled-model evaluation

The amip experiments were well suited to a broad exploration of the GC5 parameter space and enabled the automated
optimisation of the 41 UKCM2 candidates. However, coupled experiments were required to diagnose their EffCS and to assess
their performance more robustly, both for the large-scale coupled-assessment metrics considered here (defined in Sect. 2.5.2),
and for the more detailed assessment described in Bodas-Salcedo et al. (in prep.). In this section, we describe how we
progressively reduced the initial set of 41 candidates by evaluating them against the coupled-assessment target ranges defined
in Sect. 2.5.2. This process ultimately resulted in the selection of a single “proto-UKCM?2” candidate, which was subsequently

fine-tuned.

In contrast to the amip-based optimisation, which used an automated, cost-function-driven approach, the coupled-model based
development involved a greater degree of subjectivity, requiring consideration of several factors. In this “coupled-model
evaluation” stage, we used the target ranges as reference points for judging performance and identifying candidates that were
clearly unsuitable, with the understanding that more promising candidates could be fine-tuned later to better match the targets
(Sect. 3.3). However, because the picontrol experiments were initialised from an observed ocean state and were unlikely to
have reached radiative balance, substantial model drifts were expected. These drifts, together with the fact that the target ranges

were defined for an equilibrated picontrol climate, had to be considered when evaluating the performance of each candidate.
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510 Asdiscussed in Sect. 3.1, the structural behaviour of GC5 meant that no candidate was expected to exhibit both strong overall
performance and an acceptable EffCS (Fig. 1 and Fig. 2a). Therefore, trade-offs between these characteristics were likely to
be necessary. Additionally, given that climate models are often affected by structural biases (Furtado et al., 2023; McNeall et
al., 2016; Regayre et al., 2023; Rostron et al., 2025; Tian and Dong, 2020), trade-offs between the coupled-assessment metrics
were also possible, both in this phase and during the fine-tuning. This would require subjective choices about which metrics,

515 if any, should be prioritised.

Finally, careful choices were needed to make effective use of the limited HPC and human resources available, for example

determining how many candidates to test and which experiments to prioritise.

520 Table 2 The coupled-assessment metrics and target ranges used in the coupled-model phases of the development of UKCM2. All
metrics are multi-year annual means. The GCS and UKCM2 values are means over a 200-year period from the picontrol experiment:
years 251 - 450 for GCS and years 144 - 343 for UKCM2.

Assessment metric Unit Region Target range GCS value UKCM2 value
Net TOA flux [Net TOA] W m? Global +0.15 [£1.0]. 0.09 0.06
Net SW flux [netSW] W m Global 239241 239.6 241.2
Outgoing longwave flux [OLR] W m? Global 239 - 241 239.5 241.2
Surface air temperature [GMSAT)] K Global 286 — 287 [285 —288]  286.0 286.1
Atlantic meridional overturning circulation

Sv 26.5°N 11-19 14.1 14.1
transport [AMOC]
Antarctic circumpolar current transport [ACC] Sv Drake Passage 110 -190 131 116
Sea ice area annual mean 10km?>  Arctic 11.5-13.0 12.9 12.0
Sea ice area annual range

10°km?  Arctic 7.5-9.5 8.6 8.5
(March — September)
Winter (March) sea ice volume 103km®  Arctic 3045 50.6 40.3
Sea ice area annual mean 10°km?>  Antarctic 12.0 -16.0 14.9 10.4
Sea ice area annual range

10°km?>  Antarctic 12.0-14.0 13.6 13.8
(September — February)
Effective Climate Sensitivity [EffCS] K Global 2-5 6.7 3.6

525 To begin, the 44-year picontrol-spinup experiment was performed for 22 of the 41 UKCM?2 candidates. The choice of these
22 candidates was based on the amip experiments. Fourteen were chosen because they had Aumip < -1.40 W m2 K- or exhibited
low Eamip values (Fig. 1). The remaining eight were selected using less stringent criteria, although all but one still had Aamip

values below -1.40 W m2 K-!.
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The 30-year climatologies of the coupled-assessment metrics (using years 15-44 of the picontrol-spinup experiment) are shown
in Fig. 2. Although many candidates achieved net TOA fluxes within the more relaxed target range of £1 W m2, they typically
exhibited cold biases (GMSAT < 285 K), with the component TOA fluxes lying well outside the target range of 239-241 W
m for both netSW and OLR. The sea ice metrics also showed substantial positive biases, especially for the Arctic winter
volume, the Arctic annual-mean area and Antarctic annual area range. Systematic behaviour in the sea-ice area biases was also
apparent for the Antarctic (Fig. 2g), indicating that compromises in the performance of these variables may be required.

However, at this stage, no changes to parameters in the sea ice model (SI?) had been explored.

Only six candidates were selected for further testing using picontrol simulations. A diversity of options was maintained with
these six candidates (highlighted in colour in Fig. 2): p01, p05 and p22 had lower Auuip, values but poorer performance against
the assessment target ranges (particularly for net TOA flux); whereas p08, p10 and p31 had higher Auuip, but better performance

across the assessment metrics.

The picontrol simulations for these six candidates were extended to between 218 and 557 simulated years. The climatologies

for the assessment metrics are shown in Fig. 3 and are based on means over the final 50 simulated years in each case.

For some of the candidates, model drifts led to substantial changes in these assessment metrics relative to the end of the
picontrol-spinup phase. This behaviour was expected given the initial imbalances in net TOA flux, particularly for candidates
pO1, p05 and p22 (Fig. 2a). In addition, shortly after the picontrol-spinup phase was completed, adjustments to a small number
of SI® parameters were applied for p08, p10 and p31 in order to reduce the sea ice in these candidates. These modifications are
discussed further in Sect. 3.3, where they motivated a change to the conductivity of snow on sea ice in the final UKCM2

configuration.

Preliminary fine-tuning tests for candidate p01 indicated that reducing the net TOA flux through parameter changes could only
be achieved by significantly lowering both netSW and OLR, which risked adversely affecting the climatology and the EffCS.
However, as this candidate adjusted towards a smaller positive bias in net TOA and larger positive biases in netSW and OLR,
fine-tuning became more feasible (see the black point in Fig. 3¢ compared with Fig. 2¢). The associated increase in GMSAT
resulted in a substantial warm bias and drove a reduction in sea ice; these biases would also need to be addressed during fine-

tuning.
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Figure 2: picontrol-spinup climatologies of the coupled-assessment metrics for the UKCM?2 candidates (circles), with the GC5
(red diamond) and UKCM2 (black star) picontrol climatologies shown for reference. The mean values were calculated using
simulation years 15-44 for the candidates, years 144-343 for UKCM2 and years 251-450 for GCS. The plots show (a) net TOA
flux vs Aomip (the latter being diagnosed from the amip experiments); (b) net TOA flux vs GMSAT; (c) netSW vs OLR; (d) AMOC
vs ACC; (e), (g) Annual range vs annual mean for sea-ice area in the Arctic and Antarctic, respectively; and (f) the winter sea-
ice volume vs annual mean sea-ice area in the Arctic. The candidates here are the same as those shown in filled blue points in
Fig. 1. The circles shown in colour are the 6 candidates which were selected for extended picontrol experiments. The coupled-
assessment target ranges are shown as grey boxes, and the wider ranges for net TOA and GMSAT are indicated as dashed boxes.
In (c) lines are also shown for net TOA values of -1, 0 and +1 W m2.
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Figure 3 picontrol climatologies of the coupled-assessment metrics for 6 UKCM2 candidates (circles), GCS (red diamond) and
UKCM2 (black star). The mean values were calculated using the final 50 simulation years for each of the candidates, and
using years 144-343 for UKCM2 and years 251-450 for GCS5. The variables in each plot are the same as in Fig. 2, except for
(a) where EffCS values are shown instead of Asmip (Where available). The target ranges are shown as grey boxes. In (c) lines
are also shown for net TOA values of -1, 0 and +1 W m2.
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EffCS values were diagnosed using the abrupt-4 xCO2 experiment for four of the remaining candidates: p0O1, p08, p22 and
p31. p01 (black points in Fig. 3) was selected because it had the lowest A.uip and, as discussed above, we judged that its biases
could be reduced through tuning to achieve acceptable performance against the target ranges. p08 (orange) and p31 (green)
were selected because they performed reasonably well across the assessment metrics, despite having somewhat higher Aumip
values. p05 (brown) was not tested with an abrupt-4xCO2 experiment because its Aumip Was not as low as that of p01 and it
only matched 2 of the 11 target ranges, while p10 (cyan) was not chosen because its performance was worse than that of p08
and p31 for almost all of the assessment metrics. p22 (olive-green) was considered an interesting candidate and was found to
have the lowest EffCS; however, its climatology was clearly inconsistent with the assessment target ranges, and it was therefore

not considered further.

The EffCS values for the three remaining candidates were: 4.5 K for p01, 5.7 K for p08 and 5.5 K for p31 (in line with the
relative expectation from the Aump values). These results indicated that further fine-tuning was required, as none of the
candidates performed satisfactorily against all of the target ranges (including the EffCS). For p01, fine-tuning was needed to
improve the performance issues noted above while maintaining its acceptable EffCS. In contrast, p08 and p31 required

reductions in EffCS to below 5 K without degrading their already reasonable performance.

We subsequently found that pO1 showed the most promise in initial fine-tuning tests, and thereafter the development focused
solely on this candidate. The fine-tuning of this candidate, hereafter referred to as “proto-UKCM2”, is described in the

following section.

3.3 Fine-tuning UKCM2

Proto-UKCM?2 was selected on the basis of its acceptable EffCS of 4.5 K and the expectation that its picontrol climatology
could be fine-tuned to better align with the coupled-assessment target ranges defined in Sect. 2.5.2 (and Table 2). Here we

describe this fine-tuning process, which led to the final UKCM2 configuration.

As discussed in Sect. 3.2, the main issues with proto-UKCM2 were the positively biased global-mean TOA fluxes, a warm
bias in its GMSAT, and too little sea ice in both the Arctic and Antarctic (black points in Fig. 3). These metrics were therefore
the primary focus during the fine-tuning, although it was also necessary to preserve the good performance in other aspects of

the climatology (e.g. the AMOC) and, crucially, the acceptable EffCS.

Figure 4 summarises the fine-tuning applied to proto-UKCM2, illustrating how adjustments to GC5 parameters progressively
reduced the positive net TOA flux imbalance, ultimately leading to the UKCM2 configuration which performed acceptably
against the coupled-assessment target ranges. Corresponding figures for netSW, OLR and GMSAT are shown in Figs. B1-B3.
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Impact of parameter fine-tuning on Net TOA
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Figure 4 Evolution of Net TOA flux during the fine-tuning of proto-UKCM?2, ultimately resulting in the final UKCM2
configuration. For each change, only the final 100 years of that simulation is shown (or less for shorter tests), except for UKCM2
where the assessed period of years 144-343 is shown. For proto-UKCM2, the years immediately preceding the first fine-tuning
change are shown (years 90-189). This means the displayed timeseries is not continuous but rather highlights the impact of each
change, after the simulation has had an opportunity to equilibrate. The coloured lines show the timeseries’ smoothed using 31-
year rolling means. The fine-tuning changes are indicated along the bottom, and EffCS values are shown where available.

595 The reduction in net TOA was achieved primarily by adjusting parameters to increase outgoing shortwave radiation, thereby
decreasing the netSW flux. Although this involved some trial and error, the specific parameter adjustments were guided by (i)
the existing knowledge of model experts and (ii) quantitative parameter sensitivity information derived from emulators of the

amip experiments (here using the original 503 GC5 PPE variants plus the 41 UKCM2 candidates; Fig. 5).

600 Several of the parameter adjustments involved scaling natural aerosol emissions, including sea-salt (sea_salt ems_scaling),
primary marine organic aerosols (PMOA; marine_pom_ems_scaling), and dimethyl sulphide (DMS; ps_natl dms_emiss). We
also imposed a minimum DMS emission flux to address the known difficulty of representing point DMS measurements in
gridded simulations (see e.g. Anderson et al., 2001). The resulting increases in aerosol optical depths (AOD) and cloud droplet
number concentrations (CDNC) reduced the netSW flux more than they reduced the OLR (Figs. Bl and B2), leading to
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Figure S Parameter sensitivities derived from emulated predictions of netSW and Aumip from the amip experiments. Five of the
parameters used during the coupled-model fine-tuning are shown. The lines show how netSW and A.mip change as each parameter
is moved between the minimum and maximum of their elicited range, with all other values held at the proto-UKCM2 values. The
black circle and black star show the emulated predictions for proto-UKCM2 and UKCM2, respectively. The squares show the
emulated predictions where that parameter is set to the UKCM2 value, with all other parameters set to the proto-UKCM?2 values.
These values are indicated in the legend. The GCS values for these parameters are all equal to 1.0 (Table 1).

605
moderate reductions in net TOA (Fig. 4). Additionally, the amip parameter sensitivities indicated that these perturbations

would have only a minimal impact on A and therefore were not expected to substantially alter the EffCS (Fig. 5).

The final values of these scalings (given in Table 1) were chosen so that the global-mean emissions, AOD, and CDNC remained
610 within the upper bounds of observational estimates (adjusted to the pre-industrial period). These estimates carry substantial

uncertainty and provided flexibility to explore a wide range of scaling values.

Modifications to cloud-related parameters were also tested, including adjustments within the microphysics, convection, and

cloud/cloud-radiation schemes. Two of these modifications were adopted. The first was an increase in the ice fall-speed
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parameter (m_ci_rp), which primarily reduces cloud ice water content, leading to lower high-cloud fractions. This change
increased the biases in both netSW and OLR but improved (i.e., reduced) the net TOA because the longwave impact of the
reduced high cloud was larger than the corresponding shortwave impact. The second adopted change was an increase in the
entrainment factor for shallow convection (ent fac sh), which reduced both netSW and OLR, and also produced a modest

improvement in the net TOA.

Again, these adjustments were partly motivated by the amip sensitivities, which indicated that both changes would reduce the
EffCS (Fig. 5). This was confirmed with an abrupt-4 xCO2 experiment, performed after applying the adjustments to m_ci_rp
and ent_fac_sh, which yielded an EffCS of 4.1 K (compared to 4.5 K for proto-UKCM2; Fig. 5 also shows the direction of the

netSW response was accurately predicted).

Further changes were applied to the sea ice and ocean model components. GC5-based configurations at N96ORCA 1 resolution
were typically found to have too much sea ice, including the UKCM2 candidates as discussed in Sect. 3.2. This bias was partly
driven by an overly weak northward ocean heat transport through Fram Strait in the 1° ocean model, as was found for
HadGEM3-GC3.1-LL (Kuhlbrodt et al., 2018). The low global-mean temperatures of these configurations are also likely to
have contributed to the excessive sea ice. Although proto-UKCM2 was comparatively warm and actually exhibited a sea ice

deficit (Fig. 3), the fine-tuning adjustments led to a cooler climate (Fig. B3) which will have increased sea ice area and volume.

We tested two changes to SI* model parameters to address this issue. First, we reduced the snow on sea ice albedo values for
visible and infrared wavelengths by 0.02, following the approach of Kuhlbrodt et al. (2018) for HadGEM3-GC3.1-LL (this
reduction remained within the observational uncertainty). Second, we tested a reduction in the conductivity of snow on sea ice
(rn_cnd_s), which limits winter sea-ice growth and, unlike the albedo changes, does not directly affect TOA fluxes. During
the development of GC5, rn_cnd_s was increased from its previous default of 0.31 to 0.50 W m™! K- (Blockley et al., 2024);
here we assessed the impact of reverting it to 0.31 W m™! K-!. In tests of candidates p08, p10, and p31 (Sect. 3.2), both of these
changes reduced sea ice areas and volumes, although the impact of rn_cnd_s on Antarctic sea ice was minimal. For UKCM2,

we chose to adopt the reduction in rn_cnd_s.

A change to the GOSI9 configuration was introduced to reduce wind-driven mixing depths in the Southern Hemisphere,
between 13°S and 48.5°S. This change produced a shallower summer mixed layer in this region, which led to slightly warmer
summer SSTs, thereby amplified an existing positive bias. This caused increases in OLR and netSW (Figs. B1 and B2) but,
crucially, helped reduce the net TOA flux so that it fell within the target range of £0.15 W m? (Fig. 4).

Two corrections were also applied to the model. First, the prescribed ocean whitecap albedo parameter (alb_wc) in the open-

sea albedo scheme (Jin et al., 2011; Willett et al., 2025) was reduced from its default value of 0.55 to 0.16. The default
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corresponds to fresh, dense foam patches and is therefore almost certainly an overestimate. The reduced value of 0.16 was
chosen as a more realistic estimate that accounts for the ageing process of foam patches and streaks (Koepke, 1984). Second,
a scaling error in the solar constant was corrected. The previous implementation inadvertently applied a value corresponding
to the orbital time-average rather than the value at 1 astronomical unit. Both corrections had been tested previously and were

found to have minimal impacts on simulation results.

An abrupt-4xCO2 experiment for UKCM2 yielded an EffCS value of 3.6 K, fulfilling one of the key aims of the project.
Values for the remaining coupled-assessment metrics are listed in the final column of Table 2, and are shown as the black star
in Fig. 3 (the equivalent values for GC5 are shown as the red diamond). The UKCM?2 values were calculated for a 200-year
period covering years 144 to 343 into the UKCM2 simulation, noting that this was started in a well-spun-up state as it was
preceded by 274 years of integration from proto-UKCM2 and the fine-tuning tests. We used this period because it is the same

as that used in the assessment exercise on which the formal adoption of UKCM2 was based.

UKCM2 performs well across the coupled-assessment metrics, with 9 of the 12 target ranges being met. It demonstrates a
comparable level of performance to GC5 for these large-scale metrics, while achieving a substantially reduced EffCS.

Importantly, it is very close to radiative balance, with a mean value of +0.06 W m for the assessed period.

However, some compromises were required in the large-scale climatological performance of UKCM2. The targets that were
not met were the component TOA fluxes (netSW and OLR) and the Antarctic annual-mean sea ice area. The biases for netSW
and OLR were small - only 0.2 Wm above the upper limit of their respective target ranges. This was driven by a trade-off
between these fluxes and the GMSAT, which was at the lower end of its target range (Fig. 3b, c). The fine-tuning primarily
targeted reductions in netSW, which reduced the surface temperature and OLR, and so it would have been difficult to correct
the component fluxes without adversely affecting the GMSAT (Figs. B1-B3). For the Antarctic sea ice area, as noted in Sect.
3.2, none of the candidates (including GC5) fell within the target range of both the annual mean and annual range of sea ice
area (Fig. 3g). For UKCM2 this compromise resulted in a negative bias in the Antarctic annual-mean sea ice area. Further
testing and tuning of the SI® model parameters may have reduced this bias; however, we did not pursue this due to resource

constraints.

As noted in Sect. 2.5.2, the coupled-assessment metrics were designed to test the large-scale climatological performance and
stability of the models. The final adoption of the UKCM2 configuration was subject to a more comprehensive assessment of
the performance. That assessment showed that, while the overall performance of UKCM?2 is degraded compared to GCS5 (as
expected from our finding in the amip experiments), it does have an improved simulation of historical temperatures, and its
performance is competitive with CMIP6 models across a wide range of variables. Therefore, the main aims of the project were

achieved.
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4. Key parameter changes for UKCM2

In Sect. 3.2, we showed how amip parameter sensitivities were used to inform the fine-tuning of proto-UKCM?2 such that the
TOA fluxes could be adjusted without increasing the EffCS. Here, we use the amip parameter sensitivities in a different way:
to identify the key parameter changes between GC5 and UKCM2 and to assess their impact. We use emulators of the amip
experiments because they can be trained reliably, due to the large size of the PPE. In contrast, the coupled experiments were
performed for a relatively small number of candidates, and each involved simultaneous changes to many parameters. This

prevented us from training reliable coupled emulators.

Fig. 6 shows the impact of key parameter changes in UKCM2 on the emulated predictions of Auuip and the global-mean SW
cloud-radiative effect (SW CRE). For each parameter, the changes in Aumip and SW CRE resulting from perturbing its value
from the GCS setting to the UKCM2 setting are indicated by squares. These perturbations include contributions from both the
amip optimisation (Sect. 3.1) and the fine-tuning (Sect. 3.3), but in practice the amip optimisation accounts for most of the
changes. This is evident from the differences between the emulated predictions for GCS, proto-UKCM?2 and UKCM?2 in Fig.
6 (red diamond, black point and black star, respectively).

Fig. 6 (and Fig. 5) shows that the reduction in Auuip (and hence EffCS) between GC5 and UKCM2 resulted from modifications
to many parameters. This is a reflection of the fact that, in addition to reducing Aumip, the parameter changes were optimising
performance across a broad range of physical processes (represented by the 18 RMSE variables used during the amip
optimisation, and the 11 assessment metrics used during the coupled development). It would have been unlikely for a change
to a single parameter, or a small number of parameters, to reduce the EffCS from the GC5 value of 6.7 K to within the target

range of 2-5 K while maintaining acceptable performance across all these variables.

Additionally, different parameter changes produced compensating effects on individual performance metrics. This
compensating behaviour is shown in Fig. 6, where the substantial individual changes to the SW CRE largely cancel out, so
that the UKCM2 value remains reasonably close to observations. Some perturbations even increased Aump (€.g.
two_d_fsd factor), presumably because, within the automated amip optimisation, their impacts on the RMSE variables were
used to offset the effects of the parameters that were driving lower values of Aunjp. This is demonstrated in Fig. 6, where the

positive SW CRE bias for UKCM2 would have been much larger were it not for the negative SW CRE change from the
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Figure 6 Parameter sensitivities derived from emulated predictions of SW CRE and Aumip from the amip experiments. Six of the
parameters with the biggest impact on Aumip are shown. The lines show how netSW and Aumip change as each parameter is moved
between the minimum and maximum of their elicited range, with all other values held at the GCS values. The red diamond, black
circle and black star show the emulated predictions for GCS, proto-UKCM2 and UKCM2, respectively. The squares show the
emulated predictions where that parameter is set to the UKCM2 value, with all other parameters set to the GCS values. These values
are indicated in the legend.

two_d_fsd_factor perturbation. However, SW CRE is only one of the 18 variables used in the optimisation, and the role of the
parameter changes in balancing the overall climatological performance, while also reducing Aumip, is likely to be more complex

than suggested by this single variable.

This sensitivity analysis indicates that the optimisation was dominated by cloud-related processes, with the key changes applied
to parameters in the convection, cloud/cloud radiation and microphysics schemes. These parameters influence the distribution
of cloud (e.g. cloud amount and height) and their impact on radiation. Additionally, we found that the largest contribution to
the change in Aumip (for proto-UKCM2 vs GCS5) came from cloud feedbacks, and primarily the SW CRE feedbacks. The total
change in the simulated Agmi, was -0.400 W m? K, of which -0.318 W m™ K"! was due to the global-mean SW CRE feedback.
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In contrast, the changes in the global-mean LW CRE and clear-sky feedbacks were much smaller, at -0.004 W m™ K-! and -
0.078 W m2 K!, respectively.

The details of how these parameters affect Auuip are likely to be complex. Parameter sensitivities vary between regions and
between flux components because different physical processes dominate at different locations (Tsushima et al., 2020). The
sensitivities shown for A in Fig. 6 may be masking these variations, for example, where opposing regional responses to a
given parameter cancel in the global mean. A detailed analysis of how parameter perturbations affect feedbacks in UKCM2 —
such as isolating specific cloud regimes or flux components — is beyond the scope of this study, but is planned as follow-up

work.

5. Summary and Discussion

UKCM2 was developed for use in applications such as the production of national climate projections, decadal prediction, and
Earth-system modelling, where the GC5 configuration was not suitable due to its extremely high EffCS and rapid late-
20%/early-21% century temperature rise. The key aims for UKCM?2 were to have an EffCS within the IPCC AR6 very likely
range of 25 K and to improve the simulation of surface temperatures during the historical period, while maintaining acceptable

climatological performance.

Together with Bodas-Salcedo et al. (in prep.), we have shown that these aims were achieved: UKCM2 exhibits an EffCS of
3.6 K, has an improved simulation of historical surface temperatures compared to GC5, and shows a climatological

performance that, while degraded with respect to GCS, is competitive with CMIP6 models.
In the following sections we discuss some potential improvements to the methodology we used to develop UKCM2 (Sect.

5.1), and how lessons learned from this project may feed back into model development, along with some of the wider

implications of this work (Sect. 5.2).
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5.1 Improvements to the methodology

Our method to develop UKCM2 followed a two-stage approach based on PPEs, comprising an automated amip-based
optimisation of parameters using cheap experiments, followed by an expert-led “manual” evaluation and fine-tuning stage,

based on more expensive coupled-model experiments.

In both stages the aim was to tune parameter values against a broad set of performance metrics, along with EffCS or Aumip. The
number and diversity of performance metrics was an important choice, to reduce the risk of over-fitting to a small number of
targets. However, balancing performance across many variables was challenging, particularly during the coupled fine-tuning
when the turnaround for testing was much slower. The use of PPEs was invaluable here — both in the automated amip-based

optimisation and as a tool to guide the manual fine-tuning.

While this approach was successful, several potential improvements could make the process more efficient and increase the
likelihood of developing better-performing configurations with acceptable climate sensitivities. In general, the method could
be improved by reducing the burden on the resource-intensive coupled stages of the development (particularly the manual fine-
tuning) by expanding the role of automated methods. This could be achieved by (i) improving predictions of the coupled

performance and EffCS values of the candidates and (ii) improving the speed of the model.

One area for improvement would be more accurate emulation of the amip simulations. This would provide more reliable
predictions of model performance and Auujp across the GCS parameter space, helping to reduce discrepancies between emulated
and simulated outcomes. This would be particularly important for Aumip, Where errors in the emulated predictions typically
ranged from 0.1 to 0.3 W m2 K! (Fig. 1). For example, multiple ‘waves’ of the PPE could be conducted, with observational
and/or Aamip constraints being applied after each iteration (e.g. Elsaesser et al., 2025; Sexton et al., 2021). By progressively
narrowing the parameter space, this approach could allow promising parameter combinations to be identified earlier (Elsaesser
et al., 2025), increasing the likelihood that selected candidates would perform well in subsequent coupled testing. As discussed
in Sect. 4, the parameter sensitivities for Aump are complex, combining multiple processes that vary spatially. New AI/ML
techniques which are well suited to provide emulation of spatial sensitivities (e.g. CNNs; Watson-Parris et al., 2021) could

provide improvements here.

Another major improvement would be to include coupled spin-up performance metrics directly in the automated optimisation
stage. To emulate these metrics, we would need a PPE of coupled spin-ups that had the same atmospheric and land parameter
perturbations as a subset of the AMIP PPE. This would allow us to use statistical methods to identify AMIP indices that predict
coupled spin-up outputs. For any untried parameter combination, the full AMIP PPE could first be used to emulate the indices,

and those emulated indices could then be used to predict coupled metrics. Because coupled spin-ups are computationally
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expensive, the coupled PPE size must balance the cost against the need for robust index estimates and a reliable mapping from
AMIP indices to coupled metrics. Although atmospheric parameters would be inherited from the AMIP PPE, a sufficiently
large coupled PPE could also sample a small number of ocean and sea-ice parameters (ideally at least six times as many
simulations as oceanic parameters), potentially improving performance in these components (e.g. addressing the systematic

behaviour in Antarctic sea ice highlighted in Sects. 3.2 and 3.3).

Some relatively simple improvements could also be made through more effective use of metrics. For example, including
aerosol variables such as global-mean AOD and CDNC in the amip aggregate error metric would have helped identify
candidates with unrealistic acrosol emissions earlier in the process. This would have addressed the case of candidate p08 which
was found — at a relatively late stage of testing - to have unrealistically large sea-salt emissions. Correcting the processing error
for the implied ocean heat transport metric (fmassefp; Sect. 3.1) may have increased the likelihood of selecting candidates with
smaller initial coupling “shocks” and more stable coupled simulations, thereby simplifying the coupled-model evaluation. And
early insights into historical global-mean temperature simulations could have been obtained by estimating aerosol effective

radiative forcings (ERFs), for example using the REMIP piClim-histaerO3 experiment (Pincus et al., 2016).

As noted in the Introduction, GCS5 is a relatively slow model, and this was part of the motivation for adopting the two-stage
development process. While this was successful, it meant that the process relied heavily on the amip predictions of coupled
behaviour. Having a faster model would improve all stages of the development, as it would allow a wider range of candidates

to be tested using more effective experiments (e.g. it could enable a PPE of coupled simulations, as discussed above).

A simple change to increase model speed, which was adopted here during the fine-tuning, was to increase the atmospheric
model timestep from 20 min to 30 min. This resulted in a speed-up of more than 10%. More complex techniques to improve
model speed are being explored, including using reduced floating-point precision, running slower model components at lower
resolution (e.g. the UKCA component), and improving process parallelism. Finally, one active area of research is the
acceleration of model spin-ups, which would enable more reliable assessments of coupled performance because they would

be conducted with models that were closer to equilibrium.

5.2 Implications for model development and the wider modelling community

In developing UKCM2 we have demonstrated that PPEs, along with techniques such as emulation, are a valuable tool for
model development because they provide a way to efficiently explore behaviour across a model’s parameter space. If they
were incorporated more routinely into model development processes they could, for example, be used to quickly generate test
candidates in the development of major releases of a model, or help developers understand the sensitivities of model

parameters. PPEs can also give developers a better understanding of the structural behaviour of the model. They are particularly
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well suited to this because they readily expose behaviours which persist across the model’s parameter space (Furtado et al.,

2023; McNeall et al., 2016; Regayre et al., 2023; Rostron et al., 2025).

The most important structural feature of the GC5 model for this project is shown in Fig. 1 i.e. that lower expected values of
EffCS require degradations in the model performance. We showed this explicitly in the atmosphere-only experiments in Sect.
3.1, and the results from the coupled experiments are consistent with this: compared to GC5, UKCM2 has a substantially lower
EffCS (3.6 K vs 6.7 K) but higher root-mean-squared errors, driven by degradations in spatial patterns which were not captured
in the large-scale coupled-assessment metrics used during the development (Bodas-Salcedo et al., in prep.). This structural
feature of GCS5 is not expected to be seen in all models — indeed, Peatier et al. (2022) found a much flatter relationship between
their error metric and Agmip for the CNRM-CM PPE (see Figure 2e in that paper). A more direct comparison of this relationship

across different model structures, using a standardised error metric, would be an interesting topic for future work.

The structural relationship between model performance and EffCS for GCS has forced us to confront the tensions that arise
when using our models in multiple contexts. GCS is a state-of-the-art UM configuration that performs well for a range of
applications, most notably NWP; but, as we discussed in the Introduction, it is not suitable for applications that require a more
plausible EffCS and/or a better simulation of the historical temperature record. This is ultimately what motivated the

development of UKCM2.

Future UM configurations may have different structural relationships of this kind, and may not require trade-offs between
performance and EffCS in the same way. The extent to which we will actively monitor, or modify, these relationships in future
UM model development will need to be considered. However, it is very possible that these trade-offs will continue to be
required for future UM configurations, and indeed for models produced by other modelling centres, so it is important to

formulate a coherent, physically credible strategy for dealing with this.

This highlights another tension: when these models are used in the wider community, in projects such as CMIP. Here, there
can be a tension between the useability of a model for applications specific to each modelling centre (e.g. producing national
climate projections) and the value it provides to the wider community. If all modelling centres contributing to CMIP did as we
have done and tuned their models’ EffCS to be within the IPCC very likely range (perhaps to meet their own user requirements),
then this would reduce the diversity in the CMIP ensemble. Clearly, this is not desirable — very high and low sensitivity models
are valuable for certain applications (e.g., studying high-impact low-likelihood events) and as research tools e.g., to increase
our understanding of the robustness of the upper limits of assessed EffCS ranges. Related to this, there are questions about
whether the upper bound of the IPCC very likely range was too conservative, due to misrepresentation of pattern effect biases

(Armour et al., 2024; Myhre et al., 2025).
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Our experience suggests that a more pragmatic approach to model development may be necessary, in which alternative model

configurations are produced according to the requirements of specific users (or groups of users as we have done for UKCM?2).

However, this would need to be balanced against the high resource costs required to develop and maintain new configurations

of a climate model.

These issues are clearly worthy of wider discussion within the community: in particular, how to balance specific user needs

with the desire to maintain multi-model diversity. The need to address this could become increasingly important as more

reliable observational or emergent constraints are developed.

Appendix A: Table of variables used in the amip-based optimisation of 41 UKCM2 candidates

Table A1 Variables used to assess present-day climatological performance in the amip simulations, for the generation of 41 UKCM2
candidates. The observational comparison data used are given in for each variable, along with their references.

Variable Season/An  Observational dataset Reference
nual

Precipitation DJF, JJA GPCP version 2.3 (Adler et al., 2018)

Surface pressure DIJF, JJA HadSLP2 (Allan and Ansell, 2006)

1.5m temperature Annual ERA-Interim (Dee et al., 2011)

Zonal winds at 850hPa Annual ERA-Interim

Meridional winds at 850hPa Annual ERA-Interim

Relative humidity at 850hPa Annual ERA-Interim

Temperature at 200hPa Annual ERA-Interim

Zonal winds at 200hPa Annual ERA-Interim

Relative humidity at 200hPa Annual ERA-Interim

LW clear-sky outgoing flux at TOA Annual CERES-EBAF Ed4.1 (Loeb et al., 2018;
NASA/LARC/SD/ASDC,
2019)

LW cloud radiative effect Annual CERES-EBAF Ed4.1

SW cloud radiative effect DIJF, JIA CERES-EBAF Ed4.1

LW clear-sky downwelling surface flux ~ Annual CERES-EBAF Ed4.1

LW downwelling surface flux Annual CERES-EBAF Ed4.1
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Implied ocean heat transport metric Annual DEEP-C v5 (Liu et al., 2017)
(fmassefp)

860

Appendix B: Impact of parameter fine-tuning on netSW, OLR and GMSAT

Impact of parameter fine-tuning on NetSW
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Figure B1 As Fig. 4 but for netSW.
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Figure B2 As Fig. 4 but for OLR.
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Impact of parameter fine-tuning on GMSAT
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Figure B3 As Fig. 4 but for GMSAT.

870 Code availability

The GOSI9 official release is available to download at https://doi.org/10.5281/zenodo.13814369 (Guiavarc’h and Storkey,
2024). The UM and/or JULES code branch(es) used in the publication have not all been submitted for review and inclusion in
the UM/JULES trunk or released for general use. Due to intellectual property copyright restrictions, we cannot provide the
source code for the UM or JULES, but a copy was made available to the reviewers of this work. The UM is available for use
875 under licence. A number of research organisations and national meteorological services use the UM in collaboration with the
Met Office to undertake atmospheric process research, produce forecasts, develop the UM code and build and evaluate Earth
system models. To apply for a licence for the UM, go to https://www.metoffice.gov.uk/research/approach/ modelling-

systems/unified-model (last access: March 2026), and for permission to use JULES, go to https://jules.jchmr.org.

880 The analysis and plotting scripts used to process the data and reproduce the figures and tables in this paper are publicly available

on Zenodo at https://doi.org/10.5281/zenodo.19205160 (Rostron, 2026).
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Data availability

Data used in the development and evaluation of the UKCM2-LL climate model configuration, including the data used to
produce the figures and tables in this paper, are publicly available on Zenodo at https://doi.org/10.5281/zenodo.19267353
(Rostron and Sexton, 2026).

GPCP v2.3 monthly precipitation data are publicly available from NOAA NCEI
(https://www.ncei.noaa.gov/access/metadata/landing-page/bin/iso?id=gov.noaa.ncdc:C00979)  (Adler et al., 2018).
ERA-Interim  reanalysis data  are  available  from the  Copernicus  Climate  Data  Store  at
https://cds.climate.copernicus.cu/datasets/reanalysis-era-interim, published by the European Centre for Medium-Range
Weather Forecasts (ECMWF) under the Creative Commons Attribution 4.0 International licence (CC BY 4.0) (Dee et al.,
2011). CERES-EBAF Edition 4.1 radiative flux data are publicly available from NASA ASDC
(https://asdc.larc.nasa.gov/project/CERES/CERES EBAF Edition4.1) (Loeb et al., 2018). The DEEP-C v5 dataset is
available from the University of Reading Research Data Archive (https:/researchdata.reading.ac.uk/347/) (Liu et al., 2017).
HadSLP2 data were obtained from https://www.metoffice.gov.uk/hadobs/hadslp2 (Allan and Ansell, 2006). HadCRUTS data
were obtained from http://www.metoffice.gov.uk/hadobs/hadcrut5 and are © British Crown Copyright, Met Office 2026,
provided under an Open Government License, http://www.nationalarchives.gov.uk/doc/open-government-licence/version/3/
(Morice et al., 2021). HadISST.2.2.0.0 sea ice concentration data are available for download from the Met Office Hadley
Centre at https://www.metoffice.gov.uk/hadobs/hadisst2/data/download.html (Titchner and Rayner, 2014). PIOMAS
reanalysis data are available from the Polar Science Center web page at http://psc.apl.uw.edu/research/ projects/arctic-sea-ice-

volume-anomaly (Schweiger et al., 2011).
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