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Abstract. The most recent generation of climate models that has informed the 6th Assessment Report (AR6) of IPCC is

characterized by the presence of several models with anomalously larger equilibrium climate sensitivities (ECSs) and transient

climate responses (TCRs) relative to than exhibited by the previous generation. Partly as a result, AR6 did not use any direct

quantifications of ECSs and TCRs based on 4×CO2 and 1pctCO2 simulations and relied on other evidence when assessing the

Earth’s actual ECS and TCR. Here I use the historical observed global-mean surface air temperature and simulations produced5

under the Detection and Attribution Model Intercomparison Project to constrain the ECS, TCR, and historical aerosol-related

cooling. I introduce additivity criteria that disqualify 8 of the participating 16 models from consideration in multi-model aver-

aging calculations. Based on 15the remaining 8 largely independent models I obtain an average adjusted ECS of 3.4± 0.83.4± 0.5

K and a TCR of 1.8±0.3 K (both at 68% confidence), which. Both isare very consistent with the AR6 estimates but with sub-

stantially reduced uncertainties. Furthermore, importantly I find that the optimal cooling due to anthropogenic aerosolsshort-lived10

climate forcers consistent with the observed temperature record should on average be about 34±31%43±37% of what these

models simulate in their aerosol-only simulations, yielding a multi-model-mean, global-, and annual-mean aerosol-related cooling

due to near-term climate forcers for 2000-2014, relative to 1850-1899, of −0.19± 0.140.21± 0.08 K (at 68% confidence), when

these models simulate on average 0.63± 0.28 K. For 12 models the reduction in aerosol-related cooling equals or exceeds 50%.This is consistent with

but at the lower end of the very likely uncertainty range of IPCC. There is a correlation between the models’ ECSs and their15

aerosol-related cooling, whereby large-ECS models tend to be associated also with large aerosol-related cooling. The results

imply that a large reduction of the aerosol-related cooling, along with a more moderate adjustment of the greenhouse-gas related

warming, for most models would bring the historical global mean temperature simulated by these models into better agreement

with observations.

1 Introduction20

The equilibrium climate sensitivity (ECS) is a well-established (Arrhenius, 1896) yet, despite progress, poorly constrained

property of the climate system (Knutti et al., 2017; Forster et al., 2021; Smith and Forster, 2021). For a hypothetical doubling

of the atmospheric CO2 content above preindustrial levels, it states the associated surface temperature increase at equilibrium.

DSimilarly, the transient climate response (TCR) measures the warming simulated in simulations with CO2 increasing at 1%

p.a. above its preindustrial abundance at the time of CO2 doubling. For both quantities, disagreement amongst climate models,25
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particularly in the most recent generationof climatemodels(Meehl et al., 2020),persisting despiteeverimproving modelphysics

andresolution, is an impediment to narrowingitstheir associated long-standing uncertaintyies. The large spreads in ECSsand

TCRs characterizing the present generation of climate modelsisare contributing to some substantial inter-model spread in

simulated end-of-century warming in future-scenario simulations (Lee et al., 2021). It is therefore desirable to reduce thisese

model disagreements to more con�dently project future climate under any climate scenario.30

A standardoptimal detection framework assumesthat (a) changesin an observedor simulatedquantity suchastempera-

turearethesumof changesdrivenby individual climateforcers(referredto as“additivity” in thepresenceof climatological

noise,and(b) modelimperfections canbecapturedby introducing scaling or correction factors to thosemodelresponsesto

external climateforcers.This amounts,in a regressionanalysis,to optimally reproducing theobservedvariationsandthereby

constraining theTCR andECS (Schurer et al., 2018, and references therein).Thepresenceof climatological noisemeansthat35

attribution bene�ts from using asmanymodelsandsimulationsaspossible.Approachesof this kind havebeenusedin many

studiesusing CMIP5andearlier modelgenerations (e.g. Hasselmann, 1993; Hegerl et al., 1997; Allen and Tett, 1999; Schurer

et al., 2018)andagainfor the mostrecentgeneration, CMIP6 (Gillett et al., 2021). Whenseparating the GHG andaerosol

in�u ences,themainproblemis thatGHGsandaerosolscausewarming andcooling effectsonclimatethataresimilar in terms

of overall temporal developmentsandthereforecanbedif� cult to distinguishstatistically in observationalor simulatedrecords40

of temperature(seebelow). Furthermore,especially before CMIP6 single-modelensemblesusedto besmall (the largestsin-

gle-modelensemble usedby Schurer et al. (2018)had6 ensemble members).Thesetwo problems,alongwith generalmodel

disagreementson thesizesof theseeffects,combineto yield substantial uncertaintiescharacterizing successivequanti� cations

of TCR, ECS,andaerosol-inducedcooling, suchasfor CMIP6 1.2 to 1.9K for theTCR and� 0:7 to � 0:1K for theaerosol-

inducedcooling (Gillett et al., 2021). Both uncertaintiescontributeto uncertain projectionsof futureglobalwarming, e.g.2.145

to 3.5K of warming in 2081-2100,relative to 1850-1900,in SSP245 (Lee et al., 2021).

In this work I explore what “historical", all-forcings experiments and single-forcing experiments conducted for the Detection

and Attribution Model Intercomparison Project (DAMIP, Gillett et al., 2016) imply forboth the climatesensitivityECS,TCR, and

the aerosol-driven cooling which partially offsets global warming.

GHG-drivenwarming andaerosol-inducedcooling by far dominatethehumanin�u enceon global-meansurfacetemperature [Forsteret al., 2021]. De-50

creases in future aerosol loading are thought to contribute to projected warming (Andreae et al., 2005), but the size of thisfeed-

backeffect is highly uncertain (Forster et al., 2021; Watson-Parris and Smith, 2022). In individualCMIP6 models mismatches

between observed and simulated “historical" global-mean surface temperatures have been associated with a misrepresenta-

tion of the aerosol-induced cooling (Andrews et al., 2020; Smith and Forster, 2021; Golaz et al., 2022), such that despite the

increases in the mean ECSandTCR characterizing the 6th Coupled Model Intercomparison Project (CMIP6) ensemble of55

models, relative to CMIP5, the simulated historical warming in CMIP6 is actually smaller than in CMIP5 (Flynn and Mau-

ritsen, 2020; Smith and Forster, 2021; Flynn et al., 2023). Smith and Forster (2021)relate an increasein aerosol-driven cooling in

CMIP6 versusCMIP5 to coupling to thealsoincreasedGHG-drivenwarming.assessthatdifferencesbetweenCMIP5 andCMIP6 “historical'

simulationsaredueto anincreasedensemble-meanclimatesensitivity in CMIP6versusCMIP5,compensatedby amarginally
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increasedaerosolradiative forcing and associatedcooling. This causeslower temperaturesduring 1960-1990 and a larger60

post-1990warming trendin theCMIP6models (Flynn et al., 2023).

TheCMIP6 generation of climatemodelsimulationsdiffersfrom previousgenerationsin someimportantrespects:

– TheCMIP6ensemblenowcontainsseveralsingle-model“large'ensembles(i.e.consisting of at least10ensemblemem-

bers,table 1), including for somesingle-forcing experiments.

– Studiestargeting CMIP5generally only usedsingle-forcing simulationsfor theGHGandnatural in�u ences,inferring the65

in�u enceof aerosolsfrom theseandthe“historical” all-forcingssimulations (Schurer et al., 2018). HereI will exploit

single-forcing simulations explicitly targeting anthropogenicaerosols (as have Gillett et al., 2021). Using the hist-aer

simulationsmeansI will explicitly testfor andnotsimply assumeadditivity, ashasbeenunderlying theseearlier studies.

– Sincethe1990s,aerosolforcing hasbeenon a declining trend (Szopa et al., 2021). This trendreversalmeansthat the

aerosolin�u enceis becoming better distinguishablefrom thedominantin�u enceof theever-increasing GHG-induced70

warming. The additional yearsin the CMIP6 DAMIP simulations sincethis turnaroundmight critically improve the

detectability of theaerosolin�u ence.

Below I develop aheuristic regression approach to evaluate, for all models participating in DAMIP, the �delity of the simulation

of both GHG-driven surface warming and aerosol-related cooling in the CMIP6 ensemble.

2 Data and Method75

2.1 DAMIP models and experiments

Simulations produced for DAMIP, “historical" simulations (Eyring et al., 2016) extended to 2020 using the mid-range Shared

Socioeconomic Pathway (SSP) 245 simulations (Gidden et al., 2019), and published ECSand TCR values that are based

on 4� CO2 and1pctCO2simulations (Eyring et al., 2016) form the basis of this analysis. I use all 156 models for which

“hist-GHG”, “hist-aer”, and “hist-nat” simulations are available (table 1). The hist-GHG, hist-aer, and hist-nat experiments80

are identical to the “historical”, coupled all-forcings simulations except that forcings other than the GHGs, aerosols or their

precursors, and natural (solar, volcanic) in�uences, respectively, are held at their 1850 values (Gillett et al., 2016).

The models that have completed these simulations spana large ranges of ECSs (between 2.45 and 5.6 K)andTCRs(be-

tween1.5and2.7K). For 12 models the simulation period for DAMIP simulations is 1850-2020, butthreefour models (CESM2,

E3SM-2-0, GISS-E2-1-G, MPI-ESM1-2-LR) end their DAMIP simulations in 2014.For thesemodelsI only usetheir “historical" tem-85

peratureat thesurface(tas)�elds withoutextension.

Furthermore as an observational reference I use the HadCRUT5 global-meansurfacetemperature climatology (Morice et al.,

2021).Thechoiceof this referenceis notcrucial; otherreferencedatasetsyield verysimilar resultsto thoseshownhere. I form

ensemble-, global-, and annual-mean temperature timeseries from the available simulations.
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Table 1. DAMIP models, ensemble sizes of the experiments, literature ECS values of the models, and references for the ECS values and

the model data.MPI-ESM1-2-LR actually hasnot completedhist-nat.For this modelthe hist-nat temperature changeis inferredfrom its

“hist-sol'and“hist-volc'ensembles (Gillett et al., 2016).

Model

Sizes of ensembles

(historical/hist-

ghg/hist-aer/hist-

nat/ssp245)

ECS

(K)

TCR

(K)

Reference for

ECS and TCR
References for data

ACCESS-CM2 10/3/3/3/5 4.7 2.1 Meehl et al. (2020)Dix et al. (2019a, b, 2020a, b, c)

ACCESS-ESM1-5 40/3/3/3/40 3.9 2.0 Meehl et al. (2020)Ziehn et al. (2019a, b, 2020a, b, c)

BCC-CSM2-MR 3/3/3/3/1 3.0 1.7 Meehl et al. (2020) Wu et al. (2018, 2019a, b, c); Xin et al. (2019)

CanESM5 25/25/15/25/25 5.6 2.7 Meehl et al. (2020)Swart et al. (2019a, b, c, d, e)

CESM2 11/3/2/3/0 5.2 2.0 Meehl et al. (2020)Danabasoglu (2019a, b, c, 2020)

CNRM-CM6-1 30/10/10/10/10 4.8 2.1 Meehl et al. (2020)Voldoire (2018, 2019a, b, c, d)

E3SM-2-0 5/5/5/5/0 4.0 2.4 E3SM (2022a) E3SM (2022b, c, d, e)

FGOALS-g3 6/3/3/3/4 2.9 1.5 Scafetta (2023) Li (2019, 2020a, b, c, d)

GFDL-ESM4 3/1/1/3/3 2.6 1.6 Meehl et al. (2020)
Krasting et al. (2018); Horowitz et al.

(2018a, b, c); John et al. (2018)
GISS-E2-1-G 10/5/5/5/0 2.7 1.8 Meehl et al. (2020)NASA/GISS (2018a, b, c, d)

HadGEM3-GC31-LL 5/5/60/10/5 5.6 2.6 Meehl et al. (2020)
Ridley et al. (2019); Jones (2019a, b, c); Good

(2019)
IPSL-CM6A-LR 33/10/10/10/11 4.6 2.3 Meehl et al. (2020)Boucher et al. (2018a, b, c, d, 2019)

MIROC6 50/50/10/50/50 2.6 1.6 Meehl et al. (2020)
Tatebe and Watanabe (2018); Shiogama

(2019a, b, c); Shiogama et al. (2019)

MPI-ESM1-2-LR 43/30/30/30/0 3.0 1.8 Meehl et al. (2020)
Wieners et al. (2019); Müller et al.

(2019a, b, c, d)
MRI-ESM2-0 10/3/3/3/5 3.2 1.6 Meehl et al. (2020)Yukimoto et al. (2019a, b, c, d, e)

NorESM2-LM 3/3/3/3/3 2.5 1.5 Meehl et al. (2020) Seland et al. (2019a, b, c, d, e)

HadCRUT5is anamalgamateof sea-surfacetemperaturesandnear-surfaceair temperaturesoverland(Morice et al., 2021).90

For a rigorouscomparisonwith the temperature �elds provided by the CMIP6 models, I thus form, individually for every

model,similar amalgamatesof “surfacetemperature" (ts) and“surfaceair temperature" (tas)using

T = (1 � f )Ts + fT sa (1)

whereT is theglobal-, annual-, andensemble-meantemperatureusedin thebelow analysis,Ts is theensemble- andmonthly-

mean,latitude-longituderesolvedsurfacetemperature,Tsa is theensemble- andmonthly-meansurface-air temperature, f is95

thelandfraction ateverygridpoint,andtheoverline marksglobalandannualaveraging.

Furthermore,to reducethe in�u enceof interannualvariations,I apply a 15-yearboxcar �l ter to thehist-aerandhist-GHG

ensemble means,but not to the hist-nat,historical, andHadCRUT5 datasets.This choiceis basedon the understanding that

interannualvariations in hist-aerandhist-GHG re�ect randomclimatevariability which I do not expectto correlatewith the

4



climatevariability in the“historical" ensembleor in HadCRUT5.Volcaniceruptionsproducevariationsontheannualtimescale100

in thehist-natand"historical" ensemblesandin HadCRUT5which I want to preserve.Hencetheasymmetric application of

the�l ter.

Figure 1. (a) Simulated global- and annual-mean warming for 2000-2014 in the hist-GHG ensembles of the DAMIP models, relative to

the 1850-1899 mean, versus their ECSs(all in K)(black) and TCRs (violet, all in K). The width of the horizontal lines corresponds to

std(Ti ) =
p

15, where theTi are the annual-mean temperatures for 2000-2014. Solid lines: best-estimate proportional �ts. The models'

names are abbreviated to three characters. AC1 = ACCESS-ESM1-5. AC2 = ACCESS-CM2.Also statedare the best-�t proportionality

constantsandcorrelation coef� cients.(b) Simulated global-mean warming between 1850-1899 and 2000-2014 in the “historical" ensembles

versus the sum of these warmings simulated in the respective hist-GHG, hist-aer, and hist-nat ensembles. The solid line marks the diagonal,

dashed lines the 80 and 120% lines. The lengths of the bars in both directions correspond to the statistical uncertainties at 68% con�dence.

Modelsmarkedin violet areexcludedfrom themulti-modelmeancalculationsbecausetheydo not satisfy theadditivity constraints(eqs. 4,

5).

Figure 1 summarizes the behaviour of surface/surface-air temperature in the 156 models over the historical period. Panel (a)

indicates that as there is an approximate proportionality between the simulated warming attributable to GHGs (as taken from

the hist-GHG ensembles) and the models' tabulated ECSandTCR values. Furthermore, panel (b) indicates that with some105

notable exceptions, the models are mostly additive in the sense that the sum of the warmings simulated in the three DAMIP

ensemblesexperiments is mostly quite similar to the warming simulated in the models' historical ensembles.

2.2 Regression models

Using a linear regression approach, I derive rescaling factors� 1, � 1, 
 1, � 2, � 2, and
 2 for the temperature responses to GHG,

aerosol, and natural forcings such that the resultant sums of the rescaled simulated temperature anomalies minimize the root-110

mean-squared deviations� 1 and� 2 versus the ensemble-, global-, and annual-mean “historical"surface-air temperature anomaly

Thist and the HadCRUT5 temperature anomaly recordTobs, respectively, over the period19201850-2020 or 2014 (101171 or
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95165 years), respectively:

Tobs = � 1ThGHG + � 1Thaer + 
 1Thnat + � 1 + � 1 and (2)

Thist = � 2ThGHG + � 2Thaer + 
 2Thnat + � 2 + � 2: (3)115

ThGHG , Thaer andThnat are all normalized relative to their 1850-1899 average.� 1 and � 2 are interceptsthat account for

uncertainties (dueto natural variability andotherfactors) in this normalization process,i.e. the otherregression coef� cients

areinsensitive to thenormalization. � 1 and� 2 arethe regression residual timeseries.This approachis similar to Gillett et al.

(2021).

For a model which is perfectly additive in the anthropogenic GHGs, anthropogenic aerosol, and natural forcings,andin the120

absence of climatological noise,andif theregressionmodelwascomplete,the regression coef�cients� 2, � 2, and
 2 would be

1. However,omittedhereis thein�u enceof ozone.Since1900,thetemperaturechangesdueto ozonehavebeenaround� 30%

of thatof theaerosolsin theIPCC'sbestestimate (�gure 7.8 of Forster et al., 2021).Therefore,theterms� 1Thaer and� 2Thaer

aregoing to capture thecontributionsof bothaerosolandozonechanges(i.e. the “near-termclimateforcers”NTCFs)to the

evolutionsof Tobs andThist . Becauseof theoffsetting roleof ozone,I thusexpect� 2 < 1 for theperfectmodel,whereasfor the125

GHG in�u enceI expect� 2 � 1. For thepurposesof comparisonof thesetwo regressionmodels,I form theratios of theregressioncoef� cientsand

theiruncertaintieswhere�� 1 etc.arethesingle-variableuncertaintiesthatemergefrom theregressionanalysis. With thisunderstanding, I introduce

thresholds

0:8 � � 2 � 1:2 (4)

and130

0:6 � � 2 � 1:1 (5)

to identify andde�ne models that satisfy additivity, andonly useonly thosemodels satisfying both criteria in an “emergent

constraint"approach,to calculatebestestimatesanduncertainty rangesfor theECS,TCR, andaerosol-inducedcooling (see

below). This is the main differencew.r.t.Gillett et al. (2021)who useall models without considering their additivity prop-

erties.Essentially thesetwo conditions removemodels from multi-modelemergent-constraintcalculations if their regression135

coef� cientsversusThist deviatesubstantially from expectations.I will discusstheroleof ozoneseparatelybelow.

I note that there is a considerable joint uncertainty resulting from substantial anticorrelations betweenThGHG andThaer ,

but much smaller correlations (and practically no joint uncertainty) betweenThGHG andTnat , and betweenThaer andTnat .

This allows me to simplify the analysis and focus in the following only on the GHG and aerosol in�uences. To study their joint

uncertainty, I calculate, as a function of� and� and time, the regression error timeseries140

r obs(�; � ) = Tobs � �T GHG � �T haer � 
 1Thnat � � 1 (6)

I thus de�ne an error function

Eobs(�; � ) �

vu
u
t r 2

obs(�; � )

� 2
1

; (7)
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where the overbar denotes the101171 and95165-year means over19201850-2020 and19201850-2014, respectively.

I de�ne that a regression �t differs from the optimal �t of equation 2 ifEobs > E max , whereEmax is a value of the error145

function, to be determined below, where the �ts associated with such an RMS residual differ signi�cantly from the optimal �t.

SubstitutingQobs(�; � ) = r 2
obs(�; � ), with � � = � � � 1 and� � = � � � 1, I expressQobs as a quadratic form expanded

around the minimum:

Qobs(�; � ) = � 2
1 +

1
2

(� �; � � )M

0

@� �

� �

1

A (8)

where terms linear in(� �; � � ) are 0 because the expansion is around the minimum ofQobs, and150

M =

0

@
@2

@�2
@2

@�@�
@2

@�@�
@2

@�2

1

A Qobs = 2

0

@
T2

hGHG ThGHG Thaer

ThGHG Thaer T2
haer

1

A (9)

The Hesse or curvature matrixM is characterized by its two positive eigenvalues� 1 and� 2 and associated eigenvectorse1

ande2 , with � 1 < � 2. The extreme case ofThaer � ThGHG , i.e.M is degenerate, would imply� 1 = 0 . This is not actually the

case for any of the models considered here, but the two regressors are similar enough that� 1 is close to 0. The analysis implies

that the error functionEobs forms ellipses around the minimum with two orthogonal axes that point in the directions of the155

eigenvectors with curvatures in these directions proportional to
p

� 1 and
p

� 2.

I interpret the eigenvectorse1 ande2 as the directions in(�; � ) parameter space that correspond to optimal cancellation

(for e1 ) and optimal reinforcement (fore2 ) of the warming effects due to GHGs andaerosolsNTCFs. For the case of optimal

cancellation, GHG warming andaerosolNTCF-induced cooling are at all statistically distinguishable in the observed temperature

record because of a trend reversal in SO2 precursor emissions in the late 20th century (Szopa et al., 2021) causing anthropogenic160

aerosol-induced cooling to be on a declining trend (in absolute terms) since then, in contrast to the monotonically increasing

warming since 1850 associated with GHGs. This means that variations in the contributions of both processes in this direction of

optimal cancellation cause detectable variations in the temperature trend of the �nal 20 years of the regression �t (2001-2020

or 1995-2014, respectively) that I will relate to the trend uncertainty of the observed temperature record. This analysis will

de�ne boundsEmax on the cost functionEobs and consequently the regression parameters(� 1; � 1). The analysis implies that165

regression parameters outside these bounds yield signi�cantly and detectably inferior regression �ts.

Variations in the direction of optimal reinforcement (e2 ) by contrast produce shifts of the regression �ts away from the

optimum in either direction. By comparing these shifts to the uncertainty in the mean of the detrended 2001-2020 (or 1995-

2014, respectively) global temperature record (� 0.03 K in HadCRUT5) I �nd bounds on the cost function that are substantially

more restrictive than the bounds associated with variations in the direction of optimal cancellation discussed above. I will170

therefore only present an analysis to variations in the direction of cancellatione1 which yields more conservative, wider error

bounds.

Analogously, I de�ne an error functionEhist (�; � ) for the regressions to the “historical" ensemble means:

Ehist (�; � ) �

vu
u
t r 2

hist (�; � )

� 2
2

: (10)
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where175

r hist (�; � ) = Thist � �T GHG � �T haer � 
 2Thnat � � 2: (11)

The ellipses spanned byEhist have the same orientations and aspect ratios of the two main axes as those spanned byEobs.

3 Evaluation

3.1 Example model calculations

As an example, �gure 2 shows the result of the analysis forfour modelstheHadGEM3-GC31-LL model. GHGs drive a warm-180

ing of around 2.1 K in the HadGEM3-GC31-LL is model over 1850-2020 (light green line), offset by aerosol-driven cooling of

around� 0:9 K by 2020 (dark green). Natural in�uences explain the temporary features associated with volcanic eruptions

and solar forcing (blue line). Optimal regression parameters� 2, � 2, and
 2 for the “historical" simulationThist are close to 1 (i.e.

HadGEM3-GC31-LL is nearly “additive", violet line). However, the regression againstTobs requires substantial reductions in

the parameters describing both the GHG and the aerosol in�uences, to the point that the aerosol cooling would need to be185

reduced by around85%79%, and the GHG in�uence by40%34%, to match the observed record (orange line).

Theotherthreemodelswill bediscussedin moredetail below.

Figure A1 contains equivalent plots for the remaining1115 models.

3.1.1 When are two regression �ts statistically indistinguishable?

I note that the observational record exhibits a nearly linear warming trend towards the end of the record (�gure 2). Furthermore190

during much of the 20th century the aerosol-induced cooling is directly opposed to the GHG warming, but in the 1990s

its trend changes sign in the HadGEM3-GC31-LL hist-aer ensemble. This trend reversal is a major reason that the GHG

and aerosol in�uences are at all statistically distinguishable in the historical record. I thus de�ne two regression �ts to be

signi�cantly different if their 20-year trends for 2001-2020 (or 1995-2014, for CESM2, E3SM-2-0,andGISS-E2-1-G, and

MPI-ESM1-2-LR) differ by more than the observational uncertainties at 95% con�dence in these trend (� = 6 :7 and 6.3 mK195

a� 1, respectively).

I evaluate the regression �ts in regression parameter space(�; � ) along the lines that correspond to optimal cancellation of

the warming and cooling impacts of GHGs and aerosols, respectively. This is the line spanned by the eigenvector corresponding

to the smaller eigenvalue� 1, e1 , i.e.

(�; � ) = ( � 1; � 1) + c� e1 (12)200

This line marks the direction of maximum joint uncertainty in the regression parameters.

I plot the error functionsEobs against the 2001-2020 (or 1995-2014) trends in the associated �tsT(�; � ) = �T hGHG +

�T haer + 
 1Thnat + � 1, evaluated along the line described by eq. 12 (�gure 3). By evaluatingEobs at the two trend values that
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Figure 2. Ensemble-, global-, and annual-mean temperature anomalies relative to the 1850-1899 average for HadGEM3-GC31-LL, BCC-

CSM2-MR, FGOALS-g3,andNorESM2-LM . Black symbols and dark green, light green, and blue lines: The DAMIP and “historical" ensemble

means as indicated.The hist-GHG andhist-aertemperature evolutions havebeensmoothedusing a 15-yearboxcar �l ter. Violet: Optimal

regression �ts toThist following equation 3. Orange: Optimal regression �ts toTobs , the HadCRUT5 reconstruction, following equation 2.

Red symbols: HadCRUT5 (Morice et al., 2021). The regression coef�cients� 1 , � 1 , 
 1 , � 1 , � 2 , � 2 , and
 2 , and� 2 that are stated in orange

and violet are as de�ned in equations 2 and 3.

differ from the trend in the optimal solution by� , I �nd model-dependent values forEmax . For all but threeone of the models

Emax � 1:143. However,BCC-CSM2-LR,Only FGOALS-g3, andNorESM2-LM havehasan anomalously large such thresholds. These205

models' simulationsof tasaredisplayedin �g ure1. NorESM2-LM simulatesa largewarming spikearound2002 in its hist-aerensemble-meantemperature

timeseries,giving ananomalouscooling trendfor 2001-2020.FGOALS-g3 produces almost no cooling in its hist-aer ensemble, henceits

anomalousbehaviour (�gure A1). BCC-CSM2-LR exhibtscontinuing cooling in its hist-aerensemble in this period, with ananomalous,warmspell

in the 2010s.In thesethreecases,the threshold of detectability, reliant on a significantchangein the overall cooling trendin the hist-aerensemble at the

endof this experiment,doesnot work well. The other1214 models yielding smaller, regular values forEmax all simulate a substantial210

change in the rate of cooling such that their hist-aer temperature timeseries become statistically independent from their hist-

GHG temperatures, and almost all exhibit warming trends during the �nal two decades of their hist-aer ensembles (�gures 2

and A1). .

3.2 Joint uncertainty analysis of the GHG and aerosol in�uences for all models

Figure 4 illustrates �rstly that additivity does not extend to all models, i.e.(�; � ) = (1 ;1) is well outsidethe openuncertainty ellipses215

of the Thist regression coef� cientsfor mostmodelsthe centresof manyopenellipsesareoutsidethe “additivity rectangles'. However,

a subgroupof eight models doessatisfy eqs. 4and 5(ACCESS-CM2, ACCESS-ESM1-5, CESM2,E3SM-2-0, GISS-E2-1-
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Figure 3. Error functionEobs as a function of the 2001-2020 (for CESM2, E3SM-2-0, and GISS-E2-1-G: 1995-2014) temperature trends

in the regression �ts toTobs (eq. 2), for the DAMIP models. The trends are evaluated along the line in(�; � ) parameter space described

by equation 12. Vertical solid line: Trend in the optimal �t (that minimizesEobs ). Vertical dashed lines: Trends in the sub-optimal �ts that

differ from the optimal trend by the observational trend uncertainty� . Horizontal line: Value of the error function corresponding to this trend

uncertainty. The number in the titles is the value of the error function at these points.
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