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Abstract. Europe has experienced rapid warming in recent decades. Previous studies have shown that changes in atmospheric
circulation can explain part of this warming, but whether these dynamical changes are driven by internal variability or by
external forcings remains unclear. In this study, we provide an estimate of the forced dynamical response over the 1979—
2024 period, combining dynamical adjustment and observational constraint methods. While non-dynamical processes account
for most of the observed warming, we show that the dynamical component also contains a non-negligible positive forced
contribution. Overall, by incorporating dynamical information into observational constraints, we provide a new estimate of the

future European warming, but find that this addition does not substantially reduce the uncertainty in climate projections.

1 Introduction

Europe is one of the fastest-warming continents, with temperatures rising at more than twice the global warming rate. Since
the mid-1990s, European temperatures have increased by approximately 0.56°C per decade, compared to around 0.27°C per
decade globally (C3S/ECMWF and WMO, 2026). The observed warming results from the combined effect of the response of
the climate system to anthropogenic forcings modulated by internal variability (Forster et al., 2026). Several mechanisms have
been proposed to explain this amplified warming over Europe, including reduction of aerosol concentrations, declining snow
cover, and changes in atmospheric circulation (C3S/ECMWF and WMO, 2026).

In the mid-latitudes, weather and climate variability is mainly driven by the North Atlantic atmospheric circulation and
particularly by fluctuations in the position and speed of the jet stream. To better understand the contribution of atmospheric
circulation to recent temperature trends and to specific events, so-called dynamical adjustment methods have been proposed
(Smoliak et al., 2015; Deser et al., 2016). These statistical methods are designed to decompose a climate variable (typically tem-
perature) into a dynamical component, driven by variations in atmospheric circulation, and a residual component, attributable
to non-dynamical processes, such as thermodynamic processes. Various methods have been proposed, ranging from linear re-
gression onto circulation indices, multivariate regressions (Dong and Sutton, 2025; Iles and Hegerl, 2017; Sippel et al., 2019;
Singh et al., 2023) to analogue-based approaches (Vautard et al., 2023; Cattiaux et al., 2012, 2010; Vautard and Yiou, 2009;
Deser et al., 2016; Terray, 2021; Hu et al., 2025; Jézéquel et al., 2018; Noest et al., 2026). More recently, artificial intelligence

(AI) methods have also provided relevant results (Cariou et al., 2026). Applied to observations, these methods have consis-
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tently shown that the large-scale atmospheric circulation has contributed to the increase of recent warming over Europe, both
in annual and seasonal means, accounting for up to 30% of the total trends (Dong and Sutton, 2025; Cariou et al., 2026; Pflei-
derer et al., 2026) and in the number of heatwaves (Vautard et al., 2023; Singh et al., 2023; Terray, 2021; Rousi et al., 2022;
D’Andrea et al., 2024).

These methods can also be applied to climate model simulations (Saffioti et al., 2017) to compare the dynamical contribution
between models and observations and to separate the forced response from internal variability in climate projections. Previous
studies concluded that CMIP6 models tend to underestimate the dynamical contribution to the European warming. Dong and
Sutton (2025) show that dynamics has only a small contribution to summer and winter temperature trends in the multimodel
ensemble mean. Schumacher et al. (2024) find weaker dynamical contributions in the CMIP6 models than in observations
but without inconsistency with ERAS. Vautard et al. (2023) and Singh et al. (2023) have similar conclusions with regard to
maximum summer temperatures. They show that the simulated thermodynamic trends are close to the observations, suggesting
that it is the representation of the dynamical contribution in models that may explain this underestimation of temperature trends.
This is supported by Oudar et al. (2020); Saffioti et al. (2017); Peings et al. (2018); Breul et al. (2025) who show that climate
models project a strengthening and narrowing of the North-Atlantic jet stream in winter, but they struggle to represent both
the pattern and intensity of the recent temperature trends due to the circulation compared to observations (Blackport and Fyfe,
2022; Dorrington et al., 2022; D’ Andrea et al., 2024). Explaining this discrepancy betwween observations and models remains
a challenge, and relies in particular on disentangling the forced component from internal variability in the observed circulation

trends .

Internal variability has been described to generate large interannual and quasi-chaotic variability in the dynamics (Lehner
and Deser, 2025), which complicates both the prediction of future dynamics and the estimation of the dynamical response to
external forcings. Large ensembles of simulations can be used to isolate the forced response estimated by the member ensemble
mean, thereby averaging out the contribution of internal variability. Multiple model projections under the same forcing scenario
differ due to model uncertainty, which can be estimated by computing forced responses across large multi-model ensembles
(Shepherd, 2014; Lehner et al., 2020). In order to reduce this model uncertainty in future climate projections, observational
constraint methods have been designed, for both global mean (Brunner et al., 2020; Tokarska et al., 2020; Ribes et al., 2021; Li
et al., 2025; Qasmi and Ribes, 2022) and regional temperatures (Ribes et al., 2022). They use observations in addition to multi-
model ensembles to narrow the range of climate projections. So far, these methods have been applied to temperature without
considering its dynamical and residual contributions. Here, we combine an efficient dynamical adjustment technique with an
observational constraint methods to better estimate the forced component of recent and future circulation-induced warming

trends.

First, we decompose the temperature into dynamical and residual terms in CMIP6 models using the Al-based method

described in Cariou et al. (2025, 2026), which is based on the UNET architecture. Then, we estimate the forced responses of
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these components for all the models and we apply the observational constraints method, Kriging for Climate Change (KCC)

(Ribes et al., 2021; Qasmi and Ribes, 2022), to reduce uncertainties on future dynamical and residual projections.

2 Data and Methods
2.1 Data

We use the daily 2-meter temperature (T) and horizontal wind at 850 hPa (UV850) from pre-industrial (piCTL) and transient
(historical + SSP5-8.5 scenario) CMIP6 simulations (O’Neill et al., 2016). Table Al lists all the models used for this study:
multi-centennial piCTL simulations from 18 models are used to pre-train the UNET, then historical data (over the 1850-1899
period) from 88 transient simulations from 22 models are used to fine-tune the UNET and finally the inference is done on
transient simulations (over 1900-2100) from these models. All model data are regridded on a common horizontal grid of 1.4 ©

resolution.

The observed dynamical and residual temperature trends are estimated from the daily 2-meter temperature and UV850
provided by the ERAS reanalysis (Soci et al., 2024). The decomposition into residual and dynamical components in ERAS has
previously been done in Cariou et al. (2026). We use these estimates over Europe and over the 1970-2024 period to constrain
the projections by the models. The observed global surface air temperature (GSAT) is also used to improve the results of the
constraints. To be consistent with previous studies (Qasmi and Ribes, 2022; Ribes et al., 2021; Forster et al., 2026) we use

GSAT from HadCRUTS (Morice et al., 2021), over the 1900-2024 period.
2.2 Estimation of dynamical and residual contributions

As in Cariou et al. (2026), we assume that the daily grid-point temperature T from a given CMIP6 realization or the ERAS

reanalysis can be decomposed into:

T= ,U"’TDyn + TRres,

where p is the mean annual cycle at the grid point, Tpy, corresponds to the temperature variations induced by the large scale
atmospheric circulation (Figure 1b) and Tges is the residual term (Figure 1c) encompassing all temperature variations due to
physical processes which do not involve atmospheric circulation. In order to estimate daily Tpy, and Tges, we adapt the UNET
described by Cariou et al. (2025, 2026). This method consists in learning the relationship between daily temperature anomalies
T’ =T — p over Europe (violet domain in Figure Al) and a variable (or a set of variables) characterising the atmospheric
circulation over a large North-Atlantic/European area (green domain in Figure Al). The temperature inferred by the UNET

thus provides an estimate of Tpyy, i.e. the dynamical contribution to daily temperature anomalies.
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As in Cariou et al. (2026), the UNET is first pre-trained on the multi-model piCTL dataset (Table A1). The UV850 fields are
used as the circulation predictors. The choice of this set of variables, rather than, for example, sea-level pressure, is based on
Cariou et al. (2026), who suggest that variables too close to the surface may contain a part of the thermodynamic signal (e.g.,
sea-level pressure affected by thermal lows). The predictand is T’ : for each model and grid point, we remove from the raw
temperature T the average annual cycle ;1 computed by averaging T over all years for every calendar day (365 values) and by

applying on it a periodic smoothing spline (with 12 degrees of freedom, consistent with Rigal et al. (2019)).

The pre-trained UNET is then fine-tuned model by model, using all available historical simulations from 1850 to 1899
(Table 1). This period is chosen as we assume the response to anthropogenic forcings to be relatively small. Historical data are
pre-processed in the same way as for the piCTL data, with all historical members concatenated to compute the average annual
cycle of temperature . After the pre-training and fine-tuning steps, we have 22 UNETs for CMIP6, pre-trained on the same
initial dataset but fine-tuned individually on each model. The inferences are then performed on the 1900-2100 period for each
simulation of each model, and on 1970-2024 for ERAS. Similarly, the estimation of T" in ERAS is done by fine-tuning the
pre-trained UNET (on piCTL simulations) on the 1940-1969 period.

Figure 1 shows an example of the resulting Tpy,/Tres decomposition for a single ensemble member, averaged annually and
over the Western European (WEU) region defined as 10°W-18E,39°N-61°N, over the 1900-2100 inference period. As shown
in Cariou et al. (2025, 2026), Tpy, captures most of the year-to-year fluctuations in T, meaning that Tres can be interpreted as
a dynamically denoised temperature. Averaged across all ensemble members and models, the mean year-to-year variance is
reduced by 82% after removing the circulation-induced component (Table A2). As shown by Cariou et al. (2025), the UNET

performs particularly well to reduce temperature variability compared to other approaches (e.g. circulation analogues).
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Figure 1. Temperature (a), dynamical (b) and residual (c) components of one MPI-ESM1-2-LR member, averaged over the WEU region
(10°W-18°E,39°N-61°N), over the 1900-2100 period. In this study we analyse linear trends over two periods represented in black: 1979-2024
(historical) and 2025-2100 (future, SSP5-8.5) periods; respective values are indicated. The mean year-to-year variation, defined as the
average absolute difference between two consecutive years, is indicated.
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2.3 Estimation of the forced response with observational constraints (KCC method)

For all the simulations, the temperature T is divided into dynamical (Tpyy,) and residual (Tge,) terms (Figure 1). All T, Tpy, and
Tres contain internal and externally-forced components. The next challenge is therefore to separate the forced response from

the internal variability for each of the three time series over the WEU region.

We estimate the forced responses in three successive steps. First, for each climate model, for T, Tpy, and Tres, we average
all available ensemble members. Because all members are driven by the same external forcings and differ only by their initial
conditions, the signal common to all members provides a first estimate of the model forced response, while internal variability

tends to average out. The larger the ensemble, the more accurate the forced response is.

Second, the ensemble-mean estimate of the forced response is further smoothed using a Generalized Additive Model (GAM),
following Qasmi and Ribes (2022). Even when averaging over all available members of a given model, the ensemble mean
may still contain noise from internal variability, especially for models with only one or a few members. Yet the forced response
is expected to evolve smoothly over time, with the exception of volcanic eruptions which produce isolated short peaks of
negative radiative forcing. The GAM therefore provides a smooth estimate of the forced response. For T and Tge;, the response
to natural forcings, including volcanic eruptions, is estimated using a two-layer energy balance model (Geoffroy et al., 2013),
while the response to anthropogenic forcings is represented by a smoothing spline. For the dynamical component (Tpyy), we do
not include a natural forcing term because the response to volcanic eruptions is hardly distinguishable from internal variability
(see Figure 4.1). Therefore, the GAM step is reduced to a smoothing spline that captures the slowly varying anthropogenically

forced response in Tpyp.

The third step consists of combining the smooth forced responses from all models to provide a robust multi-model estimate.
This is done with the observational constraints method Kriging for Climate Change (KCC), that has been previously applied to
global and regional warming (Ribes et al., 2021; Qasmi and Ribes, 2022; Ribes et al., 2022). Applying observational constraints
to dynamical and residual contributions is new, and needs small adjustments to the existing KCC method. As described above,
smooth responses to all external forcings are computed for each model to estimate samples of plausible forced Tpy, and Tge
terms, which are used to derive prior distributions of the real forced responses. Using Bayesian statistics, posterior distributions
given observations are derived. These posterior distributions retain estimates of the forced responses that are consistent with
observations. In this procedure, three types of observations are used: GSAT (Tg}’j ), the regional dynamical term (T]")bysn) and the
residual (T). The procedure can be summarised as

y=Hx+e¢, (D)

where y is a vector containing observations, y=(Tg}’§,T‘f)bysn,T°R'§) where Tg}’j stands for the observed GSAT over 1850-2024,

T"Dbysn (T for ERAS dynamical (residual) temperatures over the WEU region, over 1970-2024. x:(Tglo,Tf)yn,Tf{es) where Tglo

contains the GSAT time series of the 22 CMIP6 models over 1850-2100, and T]gyn (Tke,) is the dynamical (residual) forced
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responses over 1900-2100 of the 22 models. We follow Qasmi and Ribes (2022) in considering GSAT Ty, in this constraint,
as they show that having this variable increases skill scores of regional observational constraints due to the correlation between
global and local warmings. Furthermore, since Tpy, and Tres warming are themselves correlated (Figure A2), they are jointly

constrained with GSAT rather than independently.

The prior distribution of x is assumed to be Gaussian: 7(x) = N (2, Xmod). fe and 2,04 are estimated as the sample
mean and sample covariance across the 22 models. The posterior given observations y : p(z | y) = N (1, X") can be derived
analytically. H is the observation matrix operator, indicating which year in x (inputs) has been observed in y. € ~ N (0,2 p5)
is a random noise representing the uncertainty in the observations y. Two sources of uncertainty exist in y: internal variability
and measurement errors. Xps = Zimeas + 240 18 the observation error covariance matrix describing GSAT measurement error
(Zimeas) and internal variability (3;,,). Xieqs 1S estimated over the 200-member ensemble of HadCRUTS. Note that we do
not consider the measurement uncertainty in ERAS for computational reasons as many fine-tunings are needed to derive a
robust estimate of the error from the 10-members of the ERAS reanalysis. 3J;, is assumed to be the sum of two AR1 processes,
following Qasmi and Ribes (2022).

This method is also applied to the temperature T (without its decomposition), with y=(T(g’F§,T°bS) and x=(Tglo,Tf), thus
following very closely the method of Qasmi and Ribes (2022). This standard application of KCC is here used as a benchmark

to assess the potential added value of the dynamical and residual decomposition.

3 Results
3.1 Tpyn and Tres trends in CMIP6 models
3.1.1 CMIPG6 recent trends over 1979-2024

CMIP6 models show positive annual temperature trends over the recent period, with large inter-model and intra-model un-
certainties (Figure 2a). Trends of T range from 0.02°C per decade for a CMCC-ESM2 member to 0.80°C per decade for a
EC-Earth3-Veg member. The total standard deviation in the best-estimate trends across all models and ensemble members is
0.14°C/decade. Within a single model, the spread in temperature trends is also large. With an ANOVA method (?), applied
only on models containing at least 2 members, we estimate that 60% of the total variance in temperature trends is explained by

model uncertainty (inter-model variance) and thus, 40% by internal variability (intra-model variance).

The dynamical adjustment method provides an estimate of the dynamical contribution to these temperature trends. Most of
the dynamical trends are positive across models and members (Figure 2b). The ANOVA analysis on Tpy, shows that 75% of the
variance in trends is explained by internal variability which dominates inter-model uncertainty. For example, the 17 members
of the MPI-ESM1-2-LR model show dynamical trends ranging from -0.04°C per decade to 0.07°C per decade, over WEU,

with 7 members giving negative trends and 10 positive. For this model, Figure A4 shows that spatial patterns and signs of the
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dynamical trends are different from one member to another and over the 1979-2024 period are small or even non-significant
according to a Student’s t-test at a 90% confidence level. The fact that dynamical trends are dominated by internal variability

is in line with previous studies (Deser et al., 2016; Lehner and Deser, 2025).

The dynamical adjustment method secondly can reduce the year-to-year variations (see Data and Methods), resulting in
smaller uncertainties in trends for Tres compared to T (Figure 2c¢). Intra-model variance is also reduced. Table 1 shows for
models having at least 2 members, the reduction of the intra-model spread. The variance is reduced on average by 48%,
ranging from 9% for CNRM-ESM2-1 to 92% for EC-Earth3-Veg-LR. Nevertheless, this reduction is smaller than the inter-
annual variance reduction (Table 1). The ANOVA analysis applied to Tges trends shows that the inter-model variability is

smaller than the intra-model variability: only 17% of the variance is explained by internal variability.

Models Members var(T) var(Tpyn) var(TRes) Reduction (%)
CESM2 2 9.46 x10™* 1.25x107% 3.84x1074 59
CESM2-WACCM 3 4.73x1073% 1.41x1072 9.79x10~* 79
CNRM-CM6-1 6 2.87x1073 1.50x107% 247x1073 14
CNRM-ESM2-1 5 6.08x1073 1.16 x1073 5.55x 1073 9
CanESM5 10 5.32x1073 1.49x1073 3.62x1073 32
EC-Earth3-Veg 5 4.84x1072 549x1073 2.15x107?2 56
EC-Earth3-Veg-LR 3 2.95x 1072 1.50x 1072 241x1073 92
IPSL-CM6A-LR 7 4.07x107% 1.07x107% 2.89x1073 29
KACE-1-0-G 3 1.03x 1072 3.72x10™* 7.16x1073 31
MIROC-ES2L 10 2.86x 1073 3.65x107% 1.57x 1073 45
MIROC6 3 9.10x 1073 1.31x1073 3.52x1073 61
MPI-ESM1-2-LR 17 2.34x1073% 1.05x1073 6.94x 1074 70
UKESM1-0-LL 5 5.39x 1073 7.69x107*% 3.12x1073 42
Mean 1.01x1072 229x1072 4.30x 1073 48

Table 1. Intra-model variance for each model having at least 2 members, and the associated reduction of this variance after the dynamical

adjustment process (between T and Tres). The last row shows the average variances and reduction.

3.1.2 Comparison with ERAS trends

Over the 1979-2024 period, whether for the temperature T, or its dynamical and residual contributions, the observed trends
assessed from ERAS are included in the CMIP6 90% intervals [Q05;Q95] (Figure 2). Trends in models are therefore consistent
with observations. However, the majority of simulated trends of the term T are lower than the observed trend: 72% of the

members show trends below the observed value. After denoising the temperature from the dynamical term Tpy,, this value
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decreases to 64%. The difference between observed and simulated trends is more pronounced: 78% of simulations show lower
trends than observed, and only 3 of the 13 multi-member ensembles give average trends that exceed it. The CMIP6 ensemble
mean of the circulation-induced warming is therefore smaller than the estimate from the observations. This is consistent with
Dong and Sutton (2025) and Vautard and Yiou (2009), though these studies focused on specific seasons (summer and winter)
rather than annual means as considered here. Most simulations give positive dynamical trends: of the 88 members analysed, 67
(76%) show positive dynamical trends, even if according to a Student’s t-test, only 15 of these (17%) are significant at a 90%
confidence level (because of the noise generated by internal variability). All models with at least two members give positive

ensemble mean trends.

The seasonal analysis reveals contrasting patterns between winter (December, January, February — DJF) and summer (June,
July, August — JJA) (Figure A3). The variability of the T trends is larger in winter than in summer, consistent with a larger
internal variability during winter. This difference is explained by the dynamical contribution Tpy,, with a larger spread in
trends compared to the Tges trends: the standard deviation of the dynamical trends is 0.10°C/decade in winter compared to
0.06°C/decade in summer, whereas for Tgres, standard deviations are of 0.13°C/decade in winter and 0.12°C/decade in summer.
Trends of T are also more strongly underestimated in winter than in summer: 75% of ensemble members simulate a trend
lower than the observed one in winter, compared to 58% in summer. Furthermore, in winter, the observed dynamical trend is
closer to the median of the simulated dynamical trend distribution than to that of Tges, Whereas it is the opposite in summer:

the observed Tges trend is closer to the median of the simulated distribution compared to the dynamical trend.
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Figure 2. Linear trends of temperature T (red), Tpyn (green) and Tres (purple), averaged over WEU, for (a,b,c) the 1979-2024 period and
(d,e,f) the 2025-2100 period. Error bars show the 95% confidence interval of the trend estimated with a Student’s t-test. For each model,
light-colored bars show the trend of individual members, and dark-colored bars show the ensemble mean trend; stars indicate the ensemble
mean for models with at least two members. In panels (a,b,c), observed trends over 1979-2024 (from ERAS data) are shown in blue for

comparison with the models. Note that the y-axis scale for Tpy, differs from that for T and Tres.

3.1.3 CMIP6 future trends over 2025-2100

Temperature trends over the 2025-2100 period are higher than over the recent period (the median trend increases from 0.36°C
per decade in the recent period to 0.62°C per decade in the future period, Figure 2d). Model simulations generally project a
positive dynamical trend (Figure 2e), but most of the future warming is explained by the residual contribution (Figure 2e).
The ANOVA test shows that for the T, Tpy, and Tre, future trends, model uncertainty dominates internal variability. This is
especially true for T and Tges, where inter-model variance accounts for 94% and 97% of the trend variance, respectively. For the
dynamical component, model uncertainty explains a smaller but still substantial part of the variance (59%). As future trends are

computed over a longer period compared to recent trends, variance is smaller, reducing the impact of internal variability while it
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does not affect the inter-model spread: the standard deviation of T ( Tgs) trends increases from 0.14°C/decade (0.11°C/decade)
over the recent period to 0.15°C/decade (0.14°C/decade) over the future period. For Tpy,, the inter-model uncertainty over the
future period is smaller compared to the recent period. Within a single model having several members, patterns and signs of
the dynamical trends are more consistent: for example for the MPI-ESM1-2-LR model, only one member shows a negative
dynamical trend over WEU and among the 17 members, the spatial patterns are similar with a majority of grid points showing

significant positive trends (Figure A4).

Among the 13 model ensembles providing at least two members, 11 models give positive ensemble-mean trends over WEU
(Figure A3e). This suggests that the dynamics robustly tend to increase the future warming. However, these ensemble means
may still be affected by internal variability: Figures A4 and A5 show that ensemble means are still noisy even for relatively

large ensembles. Isolating the forced response from internal variability in all models is the aim of section 3.2.2.

3.1.4 Spatial patterns of Tpy, and Tgres trends in CMIP6 models (2025-2100)

Figure 3 shows the multi-model ensemble mean of T, Tpy, and Tre, trends at the grid-point scale, for all seasons. The multi-
model mean can be interpreted as a first estimate of the CMIP6 forced response, as it smooths out the noise attributable to

internal variability and brings out the common signal to all simulations, i.e. the response to external forcings.

Future warming is dominated by the non-dynamical component (Figure 3, k,1,m,n,0) mostly associated with anthropogenic
forcings. Averaged annually, the forced dynamical component accounts for a maximum of 12% (one grid point reaches 12%;
the others are below) of the future total warming. The dynamical trends computed in annual, DJF, JJA and SON averages are
significantly positive, suggesting that the future warming associated with the dynamical component may be forced. This is also
true for the 1979-2024 period (Figure AS). Spatial contrasts emerge depending on the season: in winter, the strongest trends are
located in north-eastern Europe, accounting for up to 17% of the total trend. In summer, however, the most intense warming is
found in southern Europe, particularly over the Mediterranean region, accounting for up to 11% of the total trend. In contrast,

significantly negative trends are observed in spring (MAM), reducing the total warming over central Europe.

Atmospheric circulation over the North Atlantic region is dominated by the zonal component of the wind (ua). In line with
Oudar et al. (2020); Saffioti et al. (2017); Peings et al. (2018); Breul et al. (2025), Figure 4 shows that in winter, zonal wind
is strengthening and narrowing over Europe in the future, particularly over north-western Europe, leading to warm and wet
conditions, due to advection of oceanic air masses (Hurrell et al., 2003). The meridional component is also strengthening over
north-western Europe, bringing warm air from the South. Consequently, over north-western Europe, south-westerly fluxes are
strengthening (Figure 41). In summer, a weakening of westerly winds is simulated over Europe, leading to fewer cyclonic
storms traveling over the Mediterranean and less oceanic advection bringing warm continental air favoring drier continental air

masses and drier summers in Southern Europe (Dong and Sutton, 2021).
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Figure 3. Annual and seasonal trends (°C/decade) computed on CMIP6 ensemble mean of raw temperature (ERAS data) for each grid point
on the 2025-2100 period, (middle) CMIP6 Tpy, and (bottom) on CMIP6 Tges. Black dots corresponds to trends that are not significant
according to a Student’s t-test at 90%.
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Figure 4. Annual and seasonal trends (m/s/dec) computed on CMIP6 ensemble mean of zonal wind ua (a,b,c,d,e; positive values indicate
increasing Westerlies) and meridional wind va (f,g,h,1,j; positive values indicate increasing Southerlies) over 2025-2100. Contours correspond
to the average winds over 2000-2025. Black dots corresponds to trends that are not significant according to a Student’s t-test at 90%.

(k,1,m,n,0) show total wind direction and speed changes.

3.2 Constraining future projections with KCC
3.2.1 Prior distribution of forced responses

235 The model ensemble means computed in the previous section provide a first estimate of the forced response for each component
T, Tpya and Tgres. However, these estimates are still affected by internal variability because each model ensemble contains a
limited number of realisations. To obtain a more accurate multi-model forced response, we first fit a Generalized Additive
Model to each model-specific ensemble mean (Figure 5, left) and then fit a normal distribution to the resulting multi-model
sample of the smoothed forced responses (Figure 5, right, see also Data and Methods). This normal distribution is the prior

240 distribution in the Bayesian framework of the KCC method. We now consider the regional averages over the WEU region only.
Future temperature changes are anomalies in 2100 relative to the 1970-2024 baseline, and we quantify model uncertainty by

the spread within the prior distribution, represented by the 5 to 95% confidence interval.
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Future T changes range from 3.40°C to 7.75°C in 2100 compared to 1970-2024 with a spread (90% confidence interval) of
4.35°C. For Tpyn, changes range from -0.05°C to 0.63°C with a spread of 0.67°C. Until the mid-20th century, most models
simulate dynamical responses close to O (Figure Se and Figure A6). However, all models point to a positive forced response
by the end of the century, with a warming of 0.30°C =+ 0.20°C relative to the 1970-2024 period. Tges reaches 4.04°C, which is

slightly lower than T, as we denoised it from its dynamical component.
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Figure 5. (left) Example of the GAM fit for one CMIP6 model. Light times series represent T (a), Tpya (b) and Tres (c) for all the MPI-
ESM1-2-LR simulations. Dotted time series are the ensemble means for the three components and the dark time series the estimation of the
forced responses with the GAM model. (right) Normal fit of the prior distribution. Dark time series correspond to the forced responses for all
CMIP6 models and the light colours to the 5 to 95% spread (prior distribution) computed using the 22 forced responses. Series are centered
on the 1970-2024 period.
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3.2.2 Observational constraints and posterior distribution with KCC

In Figure 5, the model-by-model estimates of the forced response have been used to provide a prior distribution of the real
forced response, assuming that the observed forced response is included in the range of the models. Whether for the T, Tpyy
or Tges, these prior distributions assign equal weights to all models, regardless of their consistency with observations. The
objective of this section is to reduce future uncertainties by deriving a posterior distribution that is consistent with observations.

This is done with the observational constraint method KCC (Qasmi and Ribes, 2022) (see Data and Methods).

First, we apply KCC on T averaged over WEU, similarly as in Qasmi and Ribes (2022). The prior distribution is constrained
by the observations of GSAT (HadCRUTSY) and the yearly WEU temperatures (ERAS). The KCC method narrows the uncer-
tainties on temperatures by 31% at the end of the 21st century (Figure 6a and Table 2). According to the SSP5-8.5 scenario, T
reaches 5.54°C [3.41 to 7.75] before constraints and 5.55°C [4.04 to 7.04] after constraints relative to the 1970—2024 period.
The posterior best estimate is similar to raw multi-model ensemble mean: the GSAT constraint tends to revise downwards
CMIP6 projections, while the WEU constraint tends to increase them (this is because T time series from ERAS5 data increases
faster than the CMIP6 ensemble mean, see Figure 2a). Overall, our results are consistent with Qasmi and Ribes (2022), even if
uncertainties are less reduced here. This discrepancy can be due to the geographical area studied, the models or the observations

used.

Second, we apply KCC to Tges and Tpy, simultaneously, using, in addition to GSAT, our estimates of the observed T"Dbysn
and TOR';SS. For Tpy, (Figure 6b), the uncertainty is reduced by 25% and the best estimate is revised slightly downward, reaching
0.25°C [0.00; 0.51] in 2100 compared to the 1970-2024 period. Recent years show strong Tpy, values, and the observed
trend (0.06°C/dec [-0.00;0.12] over 1970-2024) appears noticeably stronger than the prior (0.03°C/dec [0.03;0.03]). However,
because internal variability is very large in this component, the observational constraint does not lead to an upward revision of
the forced contribution. If this succession of strong Tpy, years were to continue, this part of the assessment would likely need to

be revisited. The downward revision and the reduction of uncertainty in Tpy, projections are explained by the GSAT constraint:

Figure A9 shows that when constraining with observed Tpy, only, the posterior is very close to the prior distribution.

For Tges, the reduction of uncertainty in projections is similar to T (33%) (Figure 6¢). Compared with the 1970—2024 period,
the warming in Tges is estimated at +5.30°C [3.35 ; 7.39] before constraints and at +5.21°C [3.96;6.53] after constraints. Despite
the lower inter-annual variance observed in Tres compared with the observations of T (1.7 times lower in Tres compared to
T, see Data and Methods), we expected the constraint method to be more effective on Tges than on T, thanks to the denoising
provided by the dynamical adjustment. Several reasons could explain why this is not the case: observed Tges values are highly
autocorrelated, which reduces the amount of independent information available for constraining the forced response (this
information is contained in Y., used to derive the posterior distribution). Furthermore, the statistical relationship between

past and future Tres warming in the models (contained in 3,,,4) is weaker than for T (Figure A8,a,c). ¥,,,q4 captures the
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statistical relationship between what the models simulate in the past and what they project for the future. The constraint is

280 more effective when models exhibit a strong correlation between past and future trends.
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Figure 6. Observational constraints on historical and SSP5-8.5 over the WEU region for temperature (a), dynamical contribution (d) and
residual contribution (c) changes. Black dots correspond to observed data (ERAS). (b) Compares prior and posterior of the temperature

(without decomposition) with the sum of distributions of Tres and Tpyy.

The above results are also relevant in terms of estimation of internal variability within T and its components, as it can be

derived by removing the estimate of the forced response from the constrained temperature time series. The recent trends in
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Prior (BE [Q05;Q95]) Posterior (BE [Q05;Q95])  Spread reduction (%)

T 5.54[3.41;7.75] 5.55[4.04 ;7.04] 31
Toyn 0.30 [-0.05 ; 0.63] 0.25[0.00; 0.51] 25
TRes 5.30[3.35;7.39] 5.21[3.96;6.53] 36
Toyn+Tres 5.64 [3.49 ;7.74] 5.46 [4.20 ; 6.81] 39

Table 2. Estimate of warming in 2100 relative to the 1970—2024 period (best estimate, BE), before and after constraints, and the percentage
reduction in the spread ([Q05;Q95]) between the prior and the posterior.

annual mean temperature is then broken down into four components: forced dynamics, internal dynamics, forced residual and

internal residual (Table 3).

Observations trends (°C/dec)  Forced (KCC) trends (°C/dec)  Internal variability trends (°C/dec)

T 0.44 [0.33 ; 0.54]" 0.34[0.32 ; 0.36]% 0.10 [-0.00 ; 0.20]

Toyn 0.06 [-0.03; 0.14] 0.03 [0.03 ; 0.03] 0.03 [-0.06 ; 0.11]®
Tres 0.38[0.33 ; 0.42] 0.34[0.32;0.37] 0.04 [-0.00 ; 0.08]®
Toyn 4 Tres 0.44[0.30 ; 0.56] 0.37[0.35 ; 0.401® 0.06 [-0.04 ; 0.17]¥

Table 3. Linear trends over 1979-2024 (with interval confidence at 95% estimated with a Student’s t-test), for observed temperature over
WEU (first column) and its dynamical and residual components (second column), forced estimates of T, Tpyn, Tres and Tpyn+Tres (third
column); and finally, the difference between columns 2 and 3 gives the trends in the contributions from internal variability of T, Tpyn, Tres

and Tpyn + Tres (fourth column). Values marked with a footnote number (*) are further discussed in the main text.

According to our estimates, 77% of the recent trend in T is explained by the external forcings, and the remaining 23% by
internal variability (first row). This percentage rises to 89% for Tres, as a significant proportion of the internal variability linked
to the dynamics has been removed through the dynamical adjustment. The trend in Tpy,, which is smaller (about 15% of the

trend of T), is equally split between the forced and internal contributions.

As found by Ribes et al. (2022) for France, the forced response estimated on temperatures with KCC is substantially
lower than observations during the last decade over WEU (Figure 6a). For the 1979—2024 period, we estimate a trend of
0.44°C/decade'V for the observed temperature T (including both internal and forced contributions), while the forced trend
estimated using KCC® is 0.1°C/decade lower. The sum of the forced contributions from the Tpyn and Tges estimates is
0.37°C/decade® which is close to the T trend, but with a difference of 0.06°C/decade®. This missing portion is equally
explained by the contribution of the internal variability of these two components®®, but with uncertainties on the trends, espe-

cially for Tpyn, on which internal variability is strong. Our results seem to indicate that the discrepancy between observations
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and models originates from both dynamical and non-dynamical terms, with internal variability being a potential explanation to

this missing warming.

As T is, by construction, the sum of the Tpy, and Tges components, applying this decomposition is attractive to further reduce
uncertainty on T. Figure 6 suggests that the sum of the posterior distributions of Tpy, and Tges is consistent with the posterior
distribution of T (Figure 6d). However, applying the method separately to the dynamical and non-dynamical components
does not further reduce uncertainty in future projections compared to T, meaning that considering the dynamical and residual

components does not necessarily provide additional observational constraints on the future warming over Europe.

4 Conclusion and Discussion

The objective of this study is to estimate the internal and forced parts of the dynamical and residual contributions to observed
temperatures in Europe. To this end, we first decompose the observed (ERA5) and model (CMIP6) daily temperatures into
dynamical and residual components, using the UNET as a new dynamical adjustment method. This daily decomposition allows
us to estimate the dynamical and residual trends not only for the four seasons but also on an annual-mean basis, thereby
complementing the existing literature, which has largely focused on specific seasons — mostly summer (Vautard et al., 2023;
Dong and Sutton, 2025; Schumacher et al., 2024).

Then we use an observational constraint method (KCC) combining models and observations to estimate the forced and
internal components of these two terms, as well as their projections. Our results show that the forced dynamic contribution
in the current and future warming is not negligible. This suggests that most studies that remove the dynamical component
tend to underestimate the forced response Deser et al. (2016); Deser and Phillips (2023); Sippel et al. (2019). Here, we find in
observations, that the Tges term is not strictly equal to the forced response within T, suggesting a role for the forced dynamical

component.

The observational constraint method is based on the assumption that “models are statistically indistinguishable from the
truth”. While this assumption is commonly made for T (Ribes et al., 2021), we show that Tpy, trends are lower than observed
in the majority of models, in line with previous studies (Vautard et al., 2023; Singh et al., 2023; Schumacher et al., 2024). If
models misrepresent Tpy, trends then results obtained with KCC should be interpreted with caution. Note that the observed
trends of Tpy, do not fall entirely outside the model range, which is why we do not reject the method. This underestimation of
Tpyn may be explained by biases in the changes in atmospheric circulation, particularly in summer (Bo€ et al., 2020; Faranda
et al., 2023; D’ Andrea et al., 2024). If all models actually underestimate the forced dynamical trend, then our observationally
constrained estimate would be affected, and similarly underestimated. Additional analyses of the dynamically-induced warming
are therefore needed. The cause of the observed Tpy, trend remains an open question: Rolddn-Gémez et al. (2026) suggest that it
is are largely explained by external forcings linked to anthropogenic aerosols, and more specifically to the reduction in sulphate

aerosol emissions over Europe since the 1980s. Dong and Sutton (2021) also suggest the role of aerosols in circulation changes.
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Alternatively, Al-Yaari et al. (2026) explain the changes in the dynamics by a low-frequency internal variability mode related
to the Atlantic Meridional Overturning Circulation. Assuming that these changes are attributable to internal variability, we can
expect the excess warming to reverse at some point in the coming years or decades. If the observed circulation changes are
driven by the aerosol forcing, we can expect its contribution to revise downward the Tpy, trend, as aerosol emissions tend to be
stabilized over Europe — although the extent and timescale remain uncertain. Note that this study is limited to the distinction
between internal variability and the forced response, without attributing the role of GHGs and aerosols. This distinction would

be useful for determining whether the observed dynamically-induced warming would be temporary or long-lasting.
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Figure A1l. (Green) input (UV850) domain (23N-78N, 23W-35E) , (purple) output (temperature) domain (29N-72N, 11W-32E) and (orange)
WEU domain (39N-61N, 10W-18E).
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Figure A2. (a) Correlations between CMIP6 forced future Ty, anomalies and future Tpy, anomalies. (b) Correlations between CMIP6 forced

future Ty, anomalies and future Tres anomalies. (c) Correlations between CMIP6 forced future Tres anomalies and future Tpy, anomalies.

For each model, future anomaly corresponds to the difference between the mean over the 2080-2100 period and the 1900-1930.

20



https://doi.org/10.5194/egusphere-2026-5426
Preprint. Discussion started: 7 October 2026 EG U S p h e re\

(© Author(s) 2026. CC BY 4.0 License.

Preprint repository

DJF JIA

1.0 e T 1.0 e T
%  Ensemble mean %*  Ensemble mean
0.8 0.8
it ] ot
ErAs | ERA l | | | | l | —_—
0.4 T | * 0.4 T ‘ ‘ ! ’
L%

0.2 * 0.2 |
- 00 { 0.0
g 04
< ° To oy
5 0.37 %  Ensemble mean Ensemble mean
N *
g 0.2
S Tl %
g 0.1ERA2 x g %® ¥

* %
= ‘ * oK | % & | % ki * ¥ ¥
— 0.0 4 3 3
o
01
z 0.
3
= —0.2
£ 10{ ® T 10{ ® Tpe
*  Ensemble mean %*  Ensemble mean
0.8 0.8

0.6 ‘ l
[ERAS |

0.4

—eap—
—ee—
e
—eexfor—

Zisz |4 ui'
' wiaAARAL
' f

o
-
e
—o—eupn—
b

e
—oe|
—eo3fpe—o—
—edp—o—
JEEPD! S
—enpfpo—d—
PSRV
e —o—
e

0.2 +++
0.0 1{ 0.0
r N = o N = o o R R RS- & R R R | PR R E Y EERS -
226%26:5‘“54}"%:‘6425}5044—} 0 1020 30 246%40::545.4@@:34231044-—} 0 10 20 30
LA 0L B2 28D v R=2Z22324HE2a8 2 LA TR ZIZ2HL R ZZE2THCAE
S A & = b} 3 3 f - DA R Sz & =B A} =3 = - D
a LU < T e o L @z £ < =t
S8z28024 2222008 3 0E 222 025 338522290z E g
G 280 < =& SLCE=ZZ2Z=28822£E 2 a = OISR EETL3E 2= 852 &2
z - 0T =2 < z EZ28¢% A = 13 = 00 22238 % 2 Ez22Z85¢C A &
? a0 s =29 = m=E0982zZz4Y3& A 4] 7 a0 s =29 = [SEE-ICIR= R SR 4] =
=L 2 Z I T E R =5 4 2B D Sovz8 3z TE R Z2Z2 32 E 2
8 Zg98&8=zz2z ©gi 7 %2 2 £ g ZS8822Z Y& z <=2 £ =
2 4z =5 =ma & & 9 2 &= =3 2 a & & =
o O B 9 - = o O B 9 - =

Figure A3. T (red), Tpya (green) and Tres (purple) linear trends computed over WEU over the 1979-2024 period in DJF (a,b,c) and in JJA
(d,e,f). Stars represent the ensemble mean for models containing at least 2 members. Observed recent trends (blue) are compared with model

trends.
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90% confidence level.
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Figure A6. Light time series represent Tpy, for all members of all CMIP6 models. Dotted time series are the ensemble means for models

with at least 2 members and the dark time series the estimation of the forced responses with the GAM model.
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with at least 2 members and the dark time series the estimation of the forced responses with the GAM model.
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Figure A8. correlations between CMIP6 forced future T anomalies and CMIP6 forced present T anomalies (a). b) same as in a) but with Tpy,
and c¢) same as in a) but with Tres. For each model, present anomaly corresponds to the difference between the mean over the 2000-2020
period and the mean over the 1900-1930 period. Future anomaly is the difference between the mean over the 2080-2100 period and the
1900-1930 period.
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Figure A9. Observational constraints on historical and SSP5-8.5 WEU Tpy, with observed dynamical temperatures only (without GSAT).
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Models Years of piCTL Number of transient simulations
BCC-CSM2-MR 0 1
CanESM5 1051 10
CESM2 1200 2
CESM2-WACCM 509 3
CMCC-CM2-SR5 500 1
CMCC-ESM2 0 1
CNRM-CM6-1 500 6
CNRM-CM6-1-HR 300 1
CNRM-ESM2-1 500 5
EC-Earth3-Veg 190 5
EC-Earth3-Veg-LR 501 3
FGOALS-g3 0 1
IITM-ESM 200 1
INM-CM4-8 531 1
INM-CM5-0 1201 1
IPSL-CM6A-LR 2000 7
KACE-1-0-G 0 3
MIROC-ES2L 500 10
MIROC6 500 3
MPI-ESM1-2-LR 1000 17
TaiESM1 450 1
UKESM1-0-LL 1100 5

Table Al. List of available CMIP6 models and the associated number of years in their pre-industrial (piCTL) simulations and number of

members in the historical and SSP5-8.5 simulations used for this study.
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Models V(T) V(Tgm) V(Trs) Reduction (%)
BCC-CSM2-MR 0.29 0.14 0.05 81
CESM2 0.19 0.09 0.04 80
CESM2-WACCM 0.18 0.09 0.03 83
CMCC-CM2-SR5 0.23 0.11 0.04 83
CMCC-ESM2 0.20 0.11 0.03 83
CNRM-CM6-1 0.18 0.10 0.03 85
CNRM-CM6-1-HR  0.23 0.10 0.04 81
CNRM-ESM2-1 0.18 0.10 0.03 83
CanESM5 0.18 0.09 0.03 85
EC-Earth3-Veg 0.31 0.17 0.04 87
EC-Earth3-Veg-LR  0.31 0.17 0.04 86
FGOALS-g3 0.23 0.11 0.04 82
IITM-ESM 0.46 0.08 0.05 89
INM-CM4-8 0.17 0.06 0.05 73
INM-CM5-0 0.21 0.09 0.04 79
IPSL-CM6A-LR 0.21 0.10 0.03 84
KACE-1-0-G 0.27 0.15 0.08 72
MIROC-ES2L 0.17 0.08 0.04 79
MIROC6 0.16 0.07 0.03 80
MPI-ESM1-2-LR 0.21 0.11 0.04 83
TaiESM1 0.19 0.10 0.03 84
UKESM1-0-LL 0.25 0.12 0.04 82
Mean 0.23 0.11 0.04 82

Table A2. Mean year-to-year variation (V), defined as the average absolute difference between two consecutive years, computed over the
1900-2100 period for each model and for T, Tpy, and Tres, together with the percentage reduction in V resulting from the dynamical
adjustment process (computed as 100 x W). The mean year-to-year variation is used here as a proxy for the variability of the
detrended time series. It has the advantage of being directly computed from the raw time series without requiring detrending, assuming that

the contribution of the long-term trend to year-to-year changes is negligible (see e.g. Cattiaux et al. (2015)).

Code availability. The codes used to train the UNET on models and to process the constraints with KCC are available on a Github repository

335 https://doi.org/10.5281/zenodo.22644438. Results of the constraints can also be found on this repository.
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Data availability. Ensemble mean of dynamical and residual estimates on annual average can be found on this Zenodo link https://doi.org/
10.5281/zenodo.22644083. However we do not provide the daily data used to train the UNET, as well as the daily estimates of Tpy, and Tres,

but they can be supplied on request.
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