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Abstract13

Earth’s energy imbalance has increased rapidly since continuous satellite observations14

began in 2001, raising concern that equilibrium climate sensitivity may be higher than15

in recent assessments. Here we use energy-budget trends over 2006–2024 to estimate cli-16

mate sensitivity in a Bayesian framework, accounting for uncertainty in observations, forc-17

ing, variability, and pattern effects. Climate sensitivity inference depends strongly on18

the likelihood method, and we propose a simple, revised method that is physically con-19

sistent with the global energy-balance model. Its maximum likelihood is at 5.2 K, whereas20

the existing method maximizes at 3.0 K. Using the revised likelihood and a standard uniform-21

feedback prior, the posterior median is 3.6 K; posterior medians range from 3.3–4.8 K22

depending on the prior. Posterior 66% ranges largely overlap existing assessments of 2–23

5 K and strongly disfavor climate sensitivity below 2 K, but upper bounds are prior-dependent.24

Thus 21st-century trends do not require unusually high climate sensitivity compared to25

other lines of evidence.26

Plain Language Summary27

Earth is absorbing more energy than it releases to space, and satellite measurements28

show that this imbalance has grown rapidly since 2001. The trend in the imbalance is29

so large that it has raised concern that climate sensitivity—the long-term warming from30

a doubling of atmospheric CO2—may be higher than recent assessments suggest. Com-31

bining satellite measurements of Earth’s energy balance, estimates of anthropogenic and32

natural climate forcing, and observed global warming over 2006 to 2024 enables estima-33

tion of climate sensitivity, but the estimates depend strongly on the statistical frame-34

work. The revised statistical framework suggested in this study is more closely aligned35

with the physical model for climate sensitivity, and it finds that a climate sensitivity of36

5.2 K best matches the recent data. However, after accounting for uncertainties and stan-37

dard assumptions, the central estimate of climate sensitivity is 3.6 K (or 3.3 to 4.8 K with38

alternative assumptions). Climate sensitivity below 2 K appears unlikely, but the up-39

per limit is not well informed by 21st-century trends. Overall, recent observations are40

compatible with existing assessments of roughly 2 to 5 K and do not require unusually41

high climate sensitivity.42
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1 Introduction43

Earth’s energy imbalance (EEI, typically denoted N) has increased rapidly since44

continuous satellite observations of Earth’s top-of-atmosphere (TOA) radiation budget45

began in 2001 (Loeb et al., 2018, 2021; Raghuraman et al., 2021; Mauritsen et al., 2025;46

Allan & Merchant, 2025). Since 2001, the EEI trend has been nearly as large as the trend47

in effective radiative forcing (ERF), suggesting that Earth’s radiative response to warm-48

ing is only weakly stabilizing. Thus a key question is whether the weak stabilizing re-49

sponse implied by these trends also portends high climate sensitivity and extreme global50

warming (Stevens et al., 2026; Hansen et al., 2025; Goessling et al., 2025).51

Earth’s energy budget and climate sensitivity are commonly investigated using the52

standard global energy-balance model (Gregory et al., 2002):53

N = F +R+ ε, (1)54

N = F + λT + ε, (2)55

where F is the effective radiative forcing, R is the radiative response to changing sur-56

face temperature, and ε is the stochastic contribution from internal variability. R is typ-57

ically estimated as a radiative feedback (λ) multiplied by the change in surface air tem-58

perature (T ). All quantities are global-mean anomalies from a reference state. Equilib-59

rium climate sensitivity, S = →F2xCO2 /λ2xCO2 , is the steady-state warming following60

a doubling of CO2 (Charney et al., 1979; Sherwood et al., 2020).61

Stevens et al. (2026) show how trends in N , F , and T during the “Clouds and the62

Earth’s Radiant Energy System” (CERES; Loeb et al., 2018) satellite era can be used63

to estimate a radiative feedback. Here, dot notation denotes the linear trend over the64

analysis period. Applying the linear-trend operator to each term in Eq. (1) yields65

Ṅ = Ḟ + Ṙ+ η, (3)66

Ṅ = Ḟ + λdtṪ + η, (4)67

where λdt ≡ Ṙ / Ṫ is the feedback associated with the trends and is conceptually sim-68

ilar to the differential feedback (Tam et al., 2026; Ceppi et al., 2026b; Rugenstein & Ar-69

mour, 2021; Ceppi & Gregory, 2019), while η is the stochastic contribution. With η set70

to its expected value of zero, the plug-in central estimate for λdt is (Ṅ→Ḟ ) / Ṫ . Because71

central estimates of Ṅ and Ḟ are quite similar over 2001–2024 while Ṫ is large, λdt ap-72

pears to have a weak magnitude of →0.51 Wm−2 K−1. If λdt is an analog for λ2xCO2 and73
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F2xCO2 ≈ 3.93 Wm−2 (Forster et al., 2021), the plug-in estimate from these trends is74

a very high S of 7.7 K (Stevens et al., 2026).75

To estimate λ2xCO2 and S, we adapt existing approaches that account for pattern76

effects, i.e., differences between the diagnosed λdt and λ2xCO2 due to differences in the77

pattern of warming (Armour et al., 2013; Andrews et al., 2015; Rugenstein et al., 2023).78

Including a pattern-effect adjustment, quantified as ∆λ = λ2xCO2→λdt (Armour, 2017;79

Andrews et al., 2018, 2022; Sherwood et al., 2020; Forster et al., 2021), enables inference80

of λ2xCO2 with the following equation:81

Ṅ = Ḟ + (λ2xCO2 →∆λ) Ṫ + η. (5)82

In this study, we merge the trend-based approach of Stevens et al. (2026) with the83

Bayesian framework of Sherwood et al. (2020), hereafter SW20, to produce estimates of84

λ2xCO2 and S and their uncertainties using 21st-century trends in Earth’s energy bud-85

get. Our main goals are 1) to examine whether estimates of λ2xCO2 from recent trends86

are consistent with existing assessments of λ2xCO2 and S, and 2) to show how constraints87

from the recent trends could be included in the Bayesian framework established by SW20.88

2 21st-century Trends in Earth’s Energy Budget89

2.1 Sources of Data on N , F , T , and ∆λ90

CERES EBAF Ed4.2.1 (Loeb et al., 2018) provides global-mean N ; the Indicators91

of Global Climate Change (IGCC; Forster et al., 2025; Smith et al., 2025) provide a 100,000-92

member ensemble of F by extending the methods of Forster et al. (2021); and HadCRUT5.193

(Morice et al., 2021) provides a 200-member ensemble of T . Results are similar using94

other estimates of T (e.g., Thorne et al., 2026; Chan et al., 2026; Cooper et al., 2025)95

due to the relatively small uncertainty in observations of T over the 21st century.96

∆λ is estimated using the simulations in atmospheric general circulation models97

(AGCMs) from Cooper et al. (2026a). The simulations have time-varying prescribed sea-98

surface temperature (SST) and sea ice concentration (SIC) with constant preindustrial99

forcings (Gregory & Andrews, 2016; Andrews, 2014), yielding λdt = Ṙ / Ṫ . ∆λ is then100

estimated as the difference between a coupled model’s λ2xCO2 (typically approximated101

using λ4xCO2) and the diagnosed feedback in its corresponding AGCM (e.g., Andrews102

et al., 2018, 2022). The ∆λ estimates come from 62 simulations in six equally weighted103
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AGCMs with observational SST and sea ice from Cooper et al. (2025). The simulations104

end in 2023, and additional AGCMs and boundary conditions used in upcoming inter-105

comparison projects could refine estimates of ∆λ for use in future studies (Schmidt et106

al., 2023; Ceppi et al., 2026a).107

In the Supporting Information (SI), we include a test where the forcing trend in108

Forster et al. (2025) is increased by 0.15 Wm−2 dec−1. This test is motivated by Van Loon109

et al. (2025) and quantitatively informed by Yuan et al. (2026)’s process-based estimates110

of the forcing from aerosol-cloud interactions (ERFaci). Yuan et al. (2026) suggest ER-111

Faci trends over 2003–2023 are 0.33 Wm−2 dec−1 over oceanic regions, which scales to112

a global estimate of 0.25 Wm−2 dec−1 including Twomey effects over land. Using Yuan113

et al. (2026)’s results and the same scale factor of (0.25/0.33 ≈ 0.75) produces an es-114

timated ERFaci trend of 0.29 Wm−2 dec−1 for 2006–2023, which exceeds IGCC’s mean115

ERFaci trend by 0.15 Wm−2 dec−1. We assume this trend difference for 2006–2023 would116

be approximately the same for 2006–2024, which is the period we use for our main in-117

ference of λ2xCO2 , as explained below.118

2.2 Linear Trends and Uncertainties119

Figure 1 shows time series and trend estimates for N , F , and T over 2001–2024 and120

2006–2024. When using the λdt method to estimate feedbacks, curvature in the time se-121

ries can make the inferred λdt sensitive to the selected period. In other words, estimates122

of λdt are expected to be more reliable for periods with sufficiently linear time series in123

N , F , and T . Curvature in F is identified as particularly important for 2001–2024: F124

decreases slightly over 2001–2006 before increasing linearly over 2006–2024, as shown in125

Fig. 1c and SI Fig. S1. The decrease between 2001 and 2006 is strongly influenced by126

aerosol forcing, which is also shown in Fig. 1c and has a mean change of →0.19 Wm−2.127

Natural forcings from volcanism and insolation also decrease over this period. The root-128

mean squared error and mean absolute error of the linear fits for total F are both ap-129

proximately twice as large for 2001–2024 as for 2006–2024. Since mid-2005, N from CERES130

has also been cross-checked against in situ oceanic observations from Argo (Loeb et al.,131

2021; Johnson et al., 2016; Hakuba et al., 2024). We therefore use 2006–2024 for our main132

analysis and retain 2001–2024 for comparison only. Relative to 2001–2024, changing the133

period to 2006–2024 shifts the plug-in estimate of λdt by →0.25 Wm−2 K−1, from →0.51134

to →0.76 Wm−2 K−1, which still implies a high S of 5.2 K.135
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Figure 1. Time series for Earth’s energy imbalance, effective radiative forcing,

and surface temperature over 2001–2024, including estimates of forced trends and

uncertainty. (a) Earth’s energy imbalance (N) from CERES EBAF Ed4.2.1 and (b) estimates

of forced trends in N for 2001–2024 and 2006–2024; horizontal lines show medians, thick bars

show 66% intervals, and thin bars show 90% intervals. (c–d) Forcing time series and trends from

the Forster et al. (2025) ensemble (shading is ensemble 90% range), including the time series

for the anthropogenic-aerosol component of forcing. (e–f) Surface temperature from the Had-

CRUT5.1 ensemble (shading is ensemble 90% range). All time series show anomalies relative to

their 2001–2006 means. Trend uncertainties for N and T account for internal variability.
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CERES does not directly estimate the uncertainty in N , thus assessing the forced136

trend’s uncertainty is nontrivial (Raghuraman et al., 2021; Loeb et al., 2022). CERES137

provides a central estimate of the time series, and from this we estimate Ṅ by apply-138

ing ordinary least squares (OLS) regression to annual means. The resulting standard er-139

rors are approximately 10% larger than estimates using monthly means with an auto-140

correlation adjustment (Loeb et al., 2022). The OLS standard error reflects measurement141

noise and interannual variability insofar as they contribute to the regression residuals,142

but it could miss additional error from low-frequency internal variability. We test for such143

additional error variance using non-overlapping 19- and 24-year segments from preindustrial-144

control simulations of CESM2 (1200 years; Danabasoglu et al., 2020) and MPI-ESM1.2-145

LR (1000 years; Mauritsen et al., 2019). Each model’s variance across trends is no larger146

than its mean-squared standard error from OLS regression within the segments, there-147

fore we find no evidence of additional uncertainty in Ṅ beyond that represented by the148

OLS standard error. Raghuraman et al. (2021) similarly report that regression-based and149

model-derived estimates of internal-variability uncertainty are comparable in magnitude.150

Hence the OLS standard errors of 1σ = 0.10 Wm−2 dec−1 for 2001–2024 and 0.16 Wm−2 dec−1151

for 2006–2024 are used here as the total uncertainty in Ṅ (Fig. 1b). The 2001–2024 value152

is similar to Chen et al. (2026)’s assessed value of 1σ = 0.11 Wm−2 dec−1, which fol-153

lows Raghuraman et al. (2021)’s methods. Given the consistency between Ṅ estimates154

using CERES versus ocean heat content (Loeb et al., 2021; Allan & Merchant, 2025),155

we do not add additional structural uncertainty. The preindustrial-control simulations156

also estimate covariance between Ṅ and Ṫ , which is accounted for in the likelihood cal-157

culations in Section 3. The assumed distributions for Ṅ and the other parameters are158

summarized in SI Table S1.159

Uncertainty estimates for Ḟ (Fig. 1c–d) are available from IGCC’s 100,000-member160

ensemble, although the IGCC ensemble does not necessarily include all components of161

structural uncertainty. The variance in trends across the ensemble provides an initial162

uncertainty estimate, but recent studies suggest that the uncertainty in ERFaci may be163

underestimated (Van Loon et al., 2025; Yuan et al., 2026; Ceppi et al., 2026b; Park &164

Soden, 2025; Hodnebrog et al., 2024). Based on the differences between the central es-165

timates of ERFaci trends in IGCC versus Yuan et al. (2026) and Park and Soden (2025),166

we add an additional error of 0.1 Wm−2 dec−1 in quadrature to account for structural167
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uncertainty. This error comprises approximately 30% of the total variance in Ḟ over 2006–168

2024.169

Uncertainty in Ṫ (Fig. 1e–f) across the 200-member HadCRUT5.1 ensemble is small170

because all ensemble members represent the same realized climate history. The ensem-171

ble spread represents the small observational uncertainty but does not sample the un-172

certainty in the forced trend arising from internal variability. This component is esti-173

mated as the mean variance across non-overlapping trends in the CESM2 and MPI-ESM1.2-174

LR preindustrial-control simulations, as described above for Ṅ . The internal-variability175

variance is then added to the HadCRUT5.1 ensemble variance, and internal variability176

accounts for more than 95% of the total error variance in Ṫ .177

∆λ is a key piece of Eq. (5) that is not available in observations alone and requires178

model-based estimates. The AGCM simulations in Cooper et al. (2026a) show that es-179

timates of ∆λ depend on the period: equal-weighted multi-model means of ∆λ range from180

→0.09 to 0.51 Wm−2 K−1 as the start year varies from 2001–2006 and the end year from181

2019–2023. The simulations sample 14 plausible SST/SIC patterns in four AGCMs, while182

three of the patterns are prescribed in all six AGCMs. These two subsets are used to es-183

timate variance associated with AGCM physics, SST/SIC uncertainty, model-dependent184

responses to the SST/SIC patterns, and atmospheric variability from initial conditions.185

Differences across AGCMs and their pattern-dependent responses are the largest con-186

tribution, accounting for approximately 65–75% of the total variance. SST/SIC uncer-187

tainty accounts for approximately 8–17%, which is also examined in Fan et al. (2025),188

while atmospheric variability accounts for approximately 18%. The total assessed un-189

certainty in ∆λ is approximately 0.3 Wm−2 K−1 (SI Text S1). The mean estimate is →0.03190

Wm−2 K−1 for 2006–2023 and 0.09 Wm−2 K−1 for 2001–2023, but considering the large191

year-to-year noise, lack of a clear expectation for the sign of ∆λ, and small sample of AGCMs,192

the central estimate of ∆λ is assumed to be zero. This trend-based result for ∆λ is con-193

sistent with results based on the differential feedback over 2006–2023 in Cooper et al.194

(2026a), which found that the 2006–2023 differential feedback is similar to λ2xCO2 es-195

timated by corresponding coupled models. While the λdt and λ2xCO2 feedbacks appear196

similar, the observed warming pattern for 2006–2023 still has substantial differences com-197

pared to the long-term warming patterns for 2xCO2 projected by coupled models.198
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3 Inference of Climate Sensitivity199

3.1 Likelihood Estimation200

We estimate λ2xCO2 and S using Bayes’s theorem, e.g.,201

p(λ2xCO2 | y) = p(y | λ2xCO2) p(λ2xCO2)

p(y)
, (6)202

where y = (Ṅ , Ṫ ) contains the observed trends, p(λ2xCO2 | y) is the posterior, L =203

p(y | λ2xCO2) is the likelihood, p(λ2xCO2) is the prior, and p(y) is a normalization fac-204

tor. The likelihood L measures how compatible the observed trends are with each pro-205

posed value of λ2xCO2 or S, after accounting for uncertainty in the observations and “nui-206

sance parameters,” such as Ḟ , ∆λ, and F2xCO2 (Gelman et al., 2013). When inferring207

S, we assume F2xCO2 is normally distributed with mean 3.93 Wm−2 and standard de-208

viation 0.29 Wm−2 (Forster et al., 2021).209

Importantly, the likelihood depends on the statistical model used to interpret the210

observations (Marvel & Webb, 2025; Gelman et al., 2017). The marginal likelihoods in211

SW20 are constructed using the T form of the energy budget:212

Ṫpred =
Ṅ → Ḟ

λ2xCO2 →∆λ
, Ṫobs ∼ N

(
Ṫpred,σ

2
Ṫ

)
. (7)213

This likelihood, denoted LT , evaluates the probability density of the observed Ṫ given214

Ṫpred and σ2
Ṫ

. For a fixed value of λdt = λ2xCO2 → ∆λ, and temporarily treating the215

errors as independent, marginalizing over uncertainty in Ṅ and Ḟ gives the effective vari-216

ance of the residual (Ṫobs → Ṫpred),217

VT (λdt) = σ2
Ṫ
+

σ2
Ṅ
+ σ2

Ḟ

λ2
dt

,

which increases as λdt approaches zero (SI Text S2).218

Here, we propose instead using the energy-budget model of Eq. (5) in its native form,219

Ṅpred = Ḟ + (λ2xCO2 →∆λ)Ṫ , Ṅobs ∼ N
(
Ṅpred,σ

2
Ṅ

)
. (8)220

This likelihood, denoted LN , evaluates the probability density of the observed Ṅ given221

Ṅpred and σ2
Ṅ

. For fixed λdt and independent errors, marginalizing over uncertainty in222

Ṫ and Ḟ gives the effective variance of the residual (Ṅobs → Ṅpred),223

VN (λdt) = σ2
Ṅ
+ σ2

Ḟ
+ λ2

dtσ
2
Ṫ
,

which remains finite as λdt approaches zero and increases with the magnitude of λdt (SI224

Text S2).225
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Figure 2. Likelihoods for the net radiative feedback (λ2xCO2) and climate sen-

sitivity (S) based on trends over 2006–2024. (a) Likelihoods for λ2xCO2 using two

forms of the likelihood function: LN from Eq. (8) and LT from Eq. (7). (b) Likelihoods for

S = −F2xCO2 /λ2xCO2 , as in panel a. Likelihoods are shown as relative likelihoods with a maxi-

mum of 1.0, i.e., all likelihood values are divided by the maximum value. Additional methods are

compared in SI Fig. S2.

Although Eqs. (7) and (8) are algebraically equivalent, LT and LN are different226

statistical models because they evaluate Gaussian residual errors in different response227

variables. In LT , dividing the uncertain quantity Ṅ→Ḟ by a near-zero feedback mag-228

nifies its uncertainty, causing LT to down-weight high values of S and small magnitudes229

of λ2xCO2 . With LN , uncertainties in Ṅ and Ḟ remain additive and are not divided by230

the proposed feedback, thus LN does not a priori down-weight high S and small-magnitude231

λ2xCO2 . The consequences are further explained below and in SI Text S2.232

We evaluate both likelihoods by Monte Carlo integration over uncertainty in Ṅ ,233

Ṫ , Ḟ , and ∆λ (and F2xCO2 when inferring S = →F2xCO2 /λ2xCO2). Our full calcula-234

tions also account for covariance between Ṅ and Ṫ (SI Text S3); the simplified expres-235

sions above are shown for clarity. We also show that the differences between LN and LT236

are not due to numerical issues with Monte Carlo integration, since the results are un-237

changed if the likelihoods are calculated analytically (SI Fig. S2).238

The LN likelihoods maximize at λ2xCO2 = →0.76 Wm−2 K−1 and S = 5.2 K (Fig.239

2), as expected based on plug-in central estimates of the trends over 2006–2024. Cor-240

responding values for 2001–2024 are λ2xCO2 = →0.51 Wm−2 K−1 and S = 7.7 K, which241

align with Stevens et al. (2026). On the other hand, LT maximizes at →1.30 Wm−2 K−1242

and S = 3.0 K, and it is bimodal because its feedback-dependent weighting gives greater243
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weight to larger magnitudes of λdt (SI Text S2). At λ2xCO2 = 0, the relative likelihood244

(i.e., the ratio of L to its maximum value) of LN is approximately 0.7 while LT ’s is 0.2.245

Prior knowledge typically eliminates zero and positive values of λ2xCO2 , but there are246

substantial differences between the two likelihoods even for negative values of λ2xCO2 ,247

indicating strong dependence on the choice of likelihood function.248

The likelihood is not uniquely determined by the algebraic energy-budget equation;249

it follows from specifying a statistical model for the residual errors, so LN and LT cor-250

respond to different representations of data-generating model (Gelman et al., 2013, 2020).251

We prefer LN because it most directly represents the physical energy-balance model of252

Eqs. (2) and (4) as a generative model, with the energy-budget residual η entering ad-253

ditively in N rather than being divided by λdt after rearrangement into T space (SI Text254

S2). Thus LN remains well defined as λdt approaches zero.255

However, LN is not weight-free. Marginalizing over uncertainty in Ṫ in LN implic-256

itly adopts a uniform prior on the true temperature trend. Through the energy-budget257

Jacobian dṄ = |λdt| dṪ , there is an implicit prior of 1/|λdt| on the true Ṅ , which mildly258

favors smaller feedback magnitudes and hence higher S (SI Text S2). LT makes the op-259

posite choice: a uniform prior on true Ṅ corresponds to a prior on true Ṫ that grows as260

|λdt|, which down-weights small feedback magnitudes. Preference for LN rests on generative-261

model consistency rather than neutrality: η is defined as an additive energy-budget resid-262

ual in Eq. (4), so its Gaussian distribution is naturally specified in N space, where its263

scale is independent of the proposed feedback. As a useful consistency check, LN ’s max-264

imum also coincides with the plug-in estimate, consistent with the linear-Gaussian limit265

(Fig. 2). Using LN also addresses issues raised by Lewis (2023) regarding SW20’s method266

of likelihood estimation.267

We compare additional likelihood methods in SI Fig. S2. The profile likelihood con-268

sidered by Lewis (2023) is nearly identical to LN in this application, although profile and269

marginal likelihoods need not generally agree. The surface-integral method of Marvel270

and Webb (2025) produces a lower maximum-likelihood estimate of S = 4.1 K com-271

pared to LN because, under its chosen coordinate scaling, its geometric weighting of [(λ2xCO2→272

∆λ)2+2]1/2 favors larger feedback magnitudes. For the remainder of our analysis, we273

use LN .274
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In summary, there are two key points based on the likelihoods alone: 1) The rel-275

ative likelihood for LN is greater than 0.7 for λ2xCO2 between approximately →1.5 and276

0.0 Wm−2 K−1, indicating substantial overlap with existing estimates of λ2xCO2 (e.g.,277

Sherwood et al., 2020; Forster et al., 2021; Cooper et al., 2026a, 2026b; Zelinka et al.,278

2026); and 2) the likelihood depends strongly on the statistical model used to interpret279

the data, e.g., LT versus LN . LT has a much lower likelihood of high S compared to our280

preferred form, LN , which more directly represents the physical energy-balance model281

of Eq. (4) and the nature of its stochastic errors.282

3.2 Prior Distributions283

The prior typically has a substantial influence on the posterior, especially when es-284

timating climate sensitivity from a single line of evidence (e.g., Frame et al., 2005; Pueyo,285

2012; Lewis, 2014; Bodman & Jones, 2016). Figure 3 shows three plausible priors.286

First, uniform λ is the baseline prior in SW20. Its posterior for λ2xCO2 is propor-287

tional to the λ2xCO2 likelihood. The prior does not eliminate positive values of λ2xCO2 ,288

since we use prior support of λ2xCO2 ∈ (→20, 10) Wm−2 K−1, but we restrict the prior289

support to S ∈ (0.05, 20) K when estimating S. Because the priors use different sup-290

ports in λ2xCO2 versus S space, their posteriors are not exact coordinate transformations291

of one another.292

The second prior, a weakly informative choice (Gelman et al., 2008, 2017), is log-293

normal in |λ2xCO2 | and nearly lognormal in S, with small departures arising from un-294

certainty in F2xCO2 . It maintains large uncertainty while enforcing broad physical con-295

straints: λ2xCO2 must be negative, and its probability density approaches zero both as296

λ2xCO2 → 0 and as λ2xCO2 → →∞ (Goodwin & Cael, 2021; Goodwin, 2021). The prior297

distribution requires two parameters, the prior median and logarithmic standard devi-298

ation of λ2xCO2 , which we set to →1.0 Wm−2 K−1 and 0.8, respectively, to place approx-299

imately 95% of the prior probability for S between 1–19 K without truncation. This choice300

is informed by a common truncation range of 0–20 K in previous studies, e.g., SW20.301

For λ2xCO2 , 95% of the prior probability is between →5 and →0.2 Wm−2 K−1 without302

truncation.303

The third prior is expert-informed and uses only the process-based assessment of304

feedbacks in SW20. SW20’s process λ has a normal distribution in λ2xCO2 with mean305
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Figure 3. Prior probability density functions (PDFs) and posterior ranges for the

radiative feedback (λ2xCO2) and climate sensitivity (S) based on CERES-era trends.

(a–b) Three prior PDFs for λ2xCO2 and S = −F2xCO2/λ2xCO2 ; note that uniform λ is restricted

to negative values when inferring S, i.e., the prior support for S is (0.05, 20) K. (c–d) Posteriors

corresponding to each prior, with medians shown by black lines and 66% and 90% ranges as thick

and thin lines, respectively, for 2001–2024 and 2006–2024; posterior ranges from the baseline

estimate in SW20 (Sherwood et al., 2020) are shown for comparison in blue shading.

→1.30 and standard deviation 0.44 Wm−2 K−1. This method of using the process as-306

sessment as a prior and updating it with CERES-era evidence is consistent with how the307

historical and paleoclimate evidence are used to produce the posterior in SW20. How-308

ever, there have been substantial updates to the process evidence since SW20 that are309

currently being synthesized, hence the results here are illustrative based on SW20’s pub-310

lished result.311

SW20 also showed results using an alternative uniform-S prior, but uniform-S pro-312

duces pathological results in our case: a uniform prior on S induces a density propor-313

tional to 1/λ2 for λ2xCO2 , and because LN is high at near-zero values of λ2xCO2 , a uniform-314

S posterior concentrates the probability density at the truncated upper bound on S. Hence315

instead of uniform S, the lognormal prior here serves as an plausible alternative prior316

that places high weight on high values of S.317
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3.3 Posterior Distributions318

Posterior probability density functions (PDFs) are proportional to the product of319

the likelihood and prior PDF. For each prior, Figure 3 includes two versions of the pos-320

terior that differ by time period (starting in 2001 versus 2006). 2001–2024 is shown for321

comparison only. In SI Fig. S4, we also test using 2006–2024 with +0.15 Wm−2 dec−1322

added to Ḟ (described in Section 2.1).323

For 2006–2024, the posterior medians (and 66% ranges) under the uniform-λ prior324

are →0.78 (→1.68, 0.10) Wm−2 K−1 for λ2xCO2 and 3.6 (2.1, 7.6) K for S. The lognor-325

mal prior yields an S of 4.8 (2.9, 8.8) K, whereas the SW20 process prior yields 3.3 (2.5, 4.8)326

K. With the additional ERFaci (SI Fig. S4), the S estimates are 2.7 (1.7, 5.4) K using327

the uniform-λ prior, 4.0 (2.4, 7.3) K using the lognormal prior, and 3.0 (2.3, 4.3) K us-328

ing the process prior. All posterior ranges are shown in SI Table S2, and posteriors ob-329

tained using the LT likelihoods are shown for comparison in SI Fig. S5.330

The key result for the posteriors is that the ranges for λ2xCO2 and S overlap sub-331

stantially with estimates from other lines of evidence, e.g., with the existing ranges from332

SW20 and Forster et al. (2021) and even with the narrower 90% range for S of 2.1–4.0333

K in Cooper et al. (2026b). This overlap exists for all three priors, although the lognor-334

mal prior results in posterior medians that are at the high end or outside of published335

90% ranges for S. The recent trends disfavor λ2xCO2 < →3 Wm−2 K−1 and low S (<336

2 K), but the existing historical constraint based on energy-budget changes since 1850337

rules out S < 2 K even more strongly, as shown in SI Fig. S3 (Cooper et al., 2026a).338

Overall, the likelihoods based on CERES-era trends in this study are consistent with the339

historical likelihoods from energy-budget changes over 1850–2023, but the CERES-era340

trends provide a weaker constraint on both low and high S (SI Fig. S3). The upper bounds341

of S in Fig. 3d are largely determined by the priors (more so than for the existing his-342

torical constraint based on 1850–2023), which is expected given that LN evaluated at343

λ2xCO2 ≈ 0 Wm−2 K−1 has a high relative likelihood.344

4 Discussion345

Estimates of climate sensitivity based on 21st-century trends in Earth’s energy im-346

balance have a wide range but are consistent with other lines of evidence, and they fur-347

ther disfavor low values of S (< 2 K). While the maximum likelihood for S is 5.2 K based348
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on trends over 2006–2024, the posterior medians are 3.6 K with a standard uniform-λ349

prior, 3.3 K using a process prior from SW20, or 4.8 K under a sensitivity test with a350

lognormal prior. An important reason why trends starting in 2001 rather than 2006 im-351

ply higher S—the plug-in estimates of trends over 2001–2024 suggest 7.7 K, as in Stevens352

et al. (2026)—is because F does not increase linearly over that period: anthropogenic353

aerosols and natural forcings cause a decrease in total F over 2001–2006, then F increases354

linearly over 2006–2024. Thus 2006–2024 is a more reliable period for estimating the feed-355

back from linear trends. Nevertheless, plug-in estimates of the trends over 2006–2024356

still suggest high S of 5.2 K and λ2xCO2 of →0.76 Wm−2 K−1, which motivates further357

investigation into what is causing central estimates of the CERES-era trends to suggest358

such high S compared to other lines of evidence (Sherwood et al., 2020; Forster et al.,359

2021; Cooper et al., 2024, 2026a, 2026b; Zelinka et al., 2026). Stevens et al. (2026) raise360

the following questions: 1) is S truly as high as implied by the trends’ central estimates,361

2) is the noise from internal variability affecting the trend-based estimates, or 3) are our362

central estimates of Ḟ , Ṅ , Ṫ , or ∆λ wrong?363

It is difficult to rule out noise from internal variability as the explanation based364

on the internal variability estimated by AGCMs and coupled models. AGCM simula-365

tions of λdt = Ṙ/Ṫ for 2006–2023 (using time-varying prescribed SST/SIC and con-366

stant forcing) suggest that λdt could have a 90% interval with half-width of ±0.3 Wm−2 K−1367

from atmospheric noise alone (SI Text S1) (Cooper et al., 2026a). Coupled simulations368

of 1%-CO2 ramping also show that λdt over windows of approximately 20 years varies369

widely and can differ substantially from λ2xCO2 even under highly idealized CO2 forc-370

ing (i.e., without influences from time-varying aerosol forcing or aerosol-driven pattern371

effects). For example, CESM2’s λdt varies from →0.6 to →2.0 and back to →0.6 Wm−2 K−1372

over years 30–60 of 1%-CO2, while its λ2xCO2 is →1.1 Wm−2 K−1 (Dvorak et al., 2025);373

GFDL-ESM4 and MPI-ESM1.2-HR behave similarly (SI Fig. S6) (Danabasoglu et al.,374

2020; Dunne et al., 2020; Mauritsen et al., 2019).375

Errors in the central estimate of forcing could be substantial (Van Loon et al., 2025),376

especially for ERFaci, although not all recent studies agree on how Forster et al. (2025)’s377

Ḟ should be revised (Raghuraman et al., 2023; Hodnebrog et al., 2024; Park & Soden,378

2025; Ceppi et al., 2026b; Yuan et al., 2026). We include additional structural uncertainty379

in Ḟ and a test with +0.15 Wm−2 dec−1 added to ERFaci trends, based on Yuan et al.380

(2026)’s results and Van Loon et al. (2025). The additional +0.15 Wm−2 dec−1 ERFaci381
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leads to a maximum likelihood of S = 3.2 K and posterior ranges that are more closely382

aligned with existing estimates. Furthermore, it makes AGCM simulations of Ṙ align383

more closely with CERES-based central estimates of Ṅ→Ḟ (SI Fig. S7), improving the384

reported underestimation of R trends in AGCMs (Raghuraman et al., 2021; Hodnebrog385

et al., 2024).386

The CERES-era trends can be used to inform estimates of climate sensitivity in387

a Bayesian framework (Sherwood et al., 2020; Stevens et al., 2016), so long as the large388

uncertainties are included in the analysis. The constraint here provides a consistency check389

with the existing historical line of evidence (c. 1850–present, SI Fig. S3), but both con-390

straints are similar in that they largely eliminate very low S but contain little informa-391

tion about the upper bound (Sherwood et al., 2020; Cooper et al., 2026a). The CERES-392

era trend could be added as a joint constraint with the existing historical evidence, but393

more work is needed to investigate the degree to which the trend-based constraint is con-394

ditionally independent of the existing historical evidence and the potential correlation395

of errors. Our posterior results using the process-λ prior from SW20 (Fig. 3) suggest that396

the CERES-era trends are not likely to cause a substantial change in posterior estimates397

of S, especially if paleoclimate constraints are also included (Cooper et al., 2024, 2026b).398

Nevertheless, understanding why the central estimates of trends over the CERES era sug-399

gest higher climate sensitivity than other lines of evidence is important, particularly be-400

cause observation quality over the 21st century is much higher than in other periods. Given401

potential errors in the decomposition of shortwave/longwave and cloud/clear-sky com-402

ponents of CERES trends (Park & Soden, 2026) and their bearing on emergent constraints403

that rely on those decompositions, we only use the net radiation trend, which is robust404

across CERES-based and in situ ocean-based estimates (Loeb et al., 2021; Hakuba et405

al., 2024).406

We suggest one substantial change to the likelihood methods compared to SW20407

(Fig. 2). Our proposed change is simple: evaluate N -based likelihoods (of the form N =408

F+λT , with Gaussian error in N) instead of T -based likelihoods (T = N−F
λ , with Gaus-409

sian error in T ). This change addresses issues with likelihood methods discussed by Lewis410

(2023) while maintaining consistency with SW20’s Bayesian framework. We expect that411

revising the likelihood method would tend to give higher weight to high S in the histor-412

ical and paleoclimate lines of evidence.413
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In summary, central estimates of the 2006–2024 energy-budget trends favor a weakly414

stabilizing feedback and a relatively high climate sensitivity: the maximum likelihood415

is 5.2 K, but the posterior median is 3.6 K using a standard uniform-λ prior or 3.3 K416

using SW20’s process-λ prior. Estimates based on 2001–2024 trends are even higher, but417

trend-based estimates from this period are less reliable because the forcing does not evolve418

linearly over 2001–2024. Despite the high values of climate sensitivity produced by cen-419

tral estimates of the trends, the CERES record does not require S outside of existing as-420

sessed ranges: after propagating uncertainty in Ṅ , Ḟ , Ṫ , and ∆λ, the posterior ranges421

are consistent with other lines of evidence. The posteriors disfavor low climate sensitiv-422

ity (S < 2 K), but not as strongly as existing constraints based on historical changes423

over 1850–2023. 21st-century trends provide little information about climate sensitiv-424

ity’s upper bound, which must come from priors or other lines of evidence. We find that425

the inference of λ2xCO2 and S depends materially on how the likelihood function is con-426

structed, and we advocate for a revised method that evaluates an N -based likelihood rather427

than the existing T -based likelihood; the N -based method more closely follows the phys-428

ical energy-balance model and avoids down-weighting high values of S a priori. Contin-429

ued CERES observations and improved estimates of forcing, pattern effects, and inter-430

nal variability will be needed to fully explain why the central estimates of CERES-era431

trends suggest high climate sensitivity, although the posterior ranges are consistent with432

other lines of evidence.433
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Text S1: Estimating Uncertainty in ∆λ5

We estimate uncertainty in ∆λ estimates from the spread across AGCMs, SST and sea6

ice concentration (SIC), and atmospheric noise. Because the set of simulations in Cooper7

et al. (2026) is incomplete (we do not have every SST/SIC pattern in every AGCM), we8

analyze two subsets separately: four AGCMs containing all 14 SST/SIC patterns and all9

six AGCMs containing the same three patterns.10

For each subset, we use a two-way random-effects decomposition to estimate the vari-11

ance across equally weighted AGCMs and SST/SIC patterns. We combine the model,12

pattern, and model–pattern interaction terms into a single structural component repre-13

senting uncertainty associated with the choice of AGCM and SST/SIC boundary condi-14

tions, including model-dependent responses to the imposed patterns.15

Most model–pattern combinations contain only one atmospheric realization, so the con-16

tribution of atmospheric noise from initial conditions cannot be estimated directly for each17

AGCM. We therefore approximate atmospheric internal variability from the 14-member18

HadAM3 initial-condition ensemble, in which every member uses the same SST/SIC pat-19

tern. This gives σatmos = 0.128 Wm−2 K−1, but we note that HadAM3 appears to have20

smaller atmospheric variability compared to CAM6 (Cooper et al., 2026). We subtract21

the atmospheric variance from the total variance across AGCM–pattern combinations and22

define the remainder as structural variance: σ2
struct = σ2

model,pattern−σ2
atmos. This procedure23

assigns model-pattern interactions and any other systematic differences among model-24

pattern combinations to structural uncertainty. Although the balanced four-AGCM, 14-25

pattern subset permits an approximate two-way separation of AGCM main effects from26

SST/SIC pattern main effects (yielding the percentage attributions reported in the main27



text), the full ensemble design is incomplete, so all structural terms are pooled here rather28

than separately identified.29

The structural standard deviation is 0.278 Wm−2 K−1 in the four-AGCM, 14-pattern30

subset and 0.272 Wm−2 K−1 in the six-AGCM, three-pattern subset. We average the two31

estimates, obtaining σstruct = 0.275 Wm−2 K−1. The two subsets overlap and therefore32

are not independent estimates; their close agreement instead provides a test of sensitivity33

to the incomplete simulation design. Finally, we add the structural and atmospheric34

variances: σ∆λ =
√

σ2
struct + σ2

atmos = 0.303 Wm−2 K−1.35

Excluding atmospheric internal variability gives σ∆λ ≈ 0.27 Wm−2 K−1, showing that36

the uncertainty estimate is primarily controlled by structural differences among the37

AGCM–SST/SIC combinations. We use 0.3 Wm−2 K−1 as the 1σ uncertainty in ∆λ.38

If we instead assume that atmospheric variability contributes the same fraction of the39

total across-pattern variance in every AGCM as in HadAM3, this fraction is fatmos =40

(0.128/0.213)2 = 0.362. We estimate each model’s atmospheric standard deviation as41

σatmos,m = σtotal,m

√
fatmos, giving 0.125, 0.174, 0.207, and 0.128 Wm−2 K−1 for CAM4,42

CAM5, CAM6, and HadAM3, respectively. Pooling these four variance estimates gives43

σatmos = 0.162 Wm−2 K−1, corresponding to an approximately Gaussian 90% half-width44

of ±0.27 Wm−2 K−1; using CAM6 alone gives ±0.34 Wm−2 K−1.45



Text S2: Why the N- and T -Scored Likelihoods Differ46

Here we illustrate why algebraically equivalent forms of the energy budget produce47

different likelihood functions using two complementary perspectives. First, we focus on48

the effective error scales of the two different forms of the energy-budget equation, then49

we consider implicit priors on Ṅ and Ṫ .50

For simplicity, consider a fixed proposed value of the trend-based feedback,51

λdt = λ2xCO2 −∆λ. (1)52

The trend energy budget is53

Ṅ = Ḟ + λdtṪ + η. (2)54

In LN , the predicted energy-imbalance trend is55

Ṅpred = Ḟ + λdtṪobs, (3)56

and the difference between observed and predicted Ṅ is57

rN = Ṅobs − Ṅpred = Ṅobs − Ḟ − λdtṪobs. (4)58

Temporarily ignoring covariance between Ṅ and Ṫ , and assuming that forcing uncertainty59

is independent of both, the variance of this residual is60

σ2
rN

= σ2
N + σ2

F + λ2
dtσ

2
T . (5)61

In this formulation, the energy-budget terms and their errors remain additive in N units.62

Rearranging the same budget into T space gives63

Ṫpred =
Ṅobs − Ḟ

λdt
. (6)64

The difference between observed and predicted Ṫ is65

rT = Ṫobs − Ṫpred = Ṫobs −
Ṅobs − Ḟ

λdt
= − rN

λdt
. (7)66



Its variance is67

σ2
rT

= σ2
T +

σ2
N + σ2

F

λ2
dt

=
σ2
rN

λ2
dt

. (8)68

When the budget is evaluated in T space, uncertainties in Ṅ and Ḟ are divided by |λdt|.69

Therefore, as the magnitude of the feedback approaches zero, even a small uncertainty in70

Ṅ − Ḟ produces a large uncertainty in the predicted Ṫ .71

At the plug-in central estimate, both formulations reproduce the central observed trends72

exactly. However, after uncertainty in Ṅ and Ḟ is marginalized, the total uncertainty73

associated with Ṫpred depends on λdt and becomes very large as λdt approaches zero. A74

Gaussian distribution with a larger uncertainty has a lower peak. Consequently, an exact75

fit with a very broad uncertainty can have a lower likelihood than a slightly poorer fit76

with a narrower uncertainty, which is why the maximum likelihoods differ between LT77

and LN . In this simplified case,78

LT (λdt) = |λdt| LN(λdt). (9)79

The factor of |λdt| suppresses LT as λdt approaches zero and gives greater relative weight80

to feedbacks with larger absolute values.81

Now we consider an explanation focused on implicit priors for the true Ṅ and Ṫ , which82

also illustrates why the likelihoods differ. An observational error model directly specifies83

the probability of an observed trend given its true value, for example p(Ṫobs | Ṫtrue).84

Interpreting this uncertainty as a distribution of plausible true trends requires another85

application of Bayes’s theorem: p(Ṫtrue | Ṫobs) ∝ p(Ṫobs | Ṫtrue) p(Ṫtrue).86

Treating the observational uncertainty as centered on Ṫobs implicitly assumes that the87

prior p(Ṫtrue) is uniform over the range relevant to the likelihood calculation. To illustrate88

the consequence, hold Ḟ and λdt fixed and temporarily ignore covariance. The N -scored89



likelihood integrates over the unknown, latent true temperature trend:90

LN(λdt) ∝
∫

p
(
Ṅobs | Ḟ + λdtṪtrue

)
p
(
Ṫobs | Ṫtrue

)
p(Ṫtrue) dṪtrue. (10)91

Thus LN uses the unknown true Ṫ as the reference variable and implicitly adopts a locally92

uniform prior on it.93

The T -scored likelihood instead assumes p(Ṅtrue | Ṅobs) ∝ p(Ṅobs | Ṅtrue) p(Ṅtrue),94

implicitly adopting a locally uniform prior on the unknown true Ṅ , and integrates over95

the unknown true energy-imbalance trend:96

LT (λdt) ∝
∫

p
(
Ṅobs | Ṅtrue

)
p

(
Ṫobs |

Ṅtrue − Ḟ

λdt

)
p(Ṅtrue) dṄtrue. (11)97

The two uniform priors on Ṫtrue versus Ṅtrue are not equivalent under the energy-budget98

relationship. Substituting99

Ṅtrue = Ḟ + λdtṪtrue, dṄtrue = |λdt| dṪtrue, (12)100

introduces the same factor found from the effective-error-scale derivation above, i.e.,101

LT (λdt) ∝ |λdt| LN(λdt).102

Thus a locally uniform prior on Ṫtrue implies p(Ṅtrue | λdt) ∝ 1/|λdt|, whereas a locally103

uniform prior on Ṅtrue implies p(Ṫtrue | λdt) ∝ |λdt|. The two likelihoods therefore represent104

different assumptions about which true trend is the underlying reference variable. This105

distinction does not by itself establish that either likelihood is preferable; rather, it shows106

that neither construction is prior-free.107

Our preference for LN rests on the physical form of the standard energy-balance model,108

Eqs. (1) and (4) of the main text, in which unresolved variability enters as an additive109

energy-budget residual,110

η = Ṅ − Ḟ − λdtṪ . (13)111



We specify the distribution of this residual in N space. Conditional on Ḟ , Ṫ , and λdt,112

this form implies a generative model for Ṅ and therefore the likelihood LN , while still113

propagating uncertainty in Ṫ . In contrast, LT specifies the Gaussian error model after114

rearranging the budget into T space. Thus it treats the radiative residual as an additive115

temperature error, ηT = −η /λdt, whose scale depends on the proposed feedback and116

becomes arbitrarily large as |λdt| approaches zero. The implicit-prior and effective-error-117

scale explanations are two interpretations of the same feedback-dependent weighting.118

Our full likelihood calculations account for covariance between Ṅ and Ṫ and marginalize119

over uncertainty in Ḟ and ∆λ, although we find that the covariance has a small impact120

on the likelihoods. Including the covariance changes the variance of the N -space residual121

to122

σ2
rN

= σ2
N + σ2

F + λ2
dtσ

2
T − 2λdtcNT . (14)123

The corresponding relationship σ2
rT

= σ2
rN
/λ2

dt remains unchanged. When ∆λ is marginal-124

ized, λdt varies for each value of ∆λ, so the factor |λdt| is applied to each likelihood125

contribution before they are averaged. This same weighting explains the different shapes126

and maxima of the fully marginalized likelihoods.127



Text S3: Likelihood Estimation128

This section provides computational details for the LN and LT marginal likelihoods129

defined in the main text. For compactness, let No ≡ Ṅobs and To ≡ Ṫobs, and let N and T130

denote the unknown true values of these trends, not climate-state levels. We define their131

observational errors as132

eN = No −N, eT = To − T. (15)133

These observational errors are distinct from the residuals rN and rT in Text S2, which134

are the differences between observed and model-predicted trends. We use σ2
N and σ2

T as135

shorthand for σ2
Ṅ

and σ2
Ṫ
, respectively, and define136

λdt = λ2xCO2 −∆λ. (16)137

We represent the total errors in the two observed trends as138

(
eT
eN

)
∼ N

[(
0
0

)
,

(
σ2
T cNT

cNT σ2
N

)]
. (17)139

The total variances and covariance used in the likelihood calculation are140

σ2
N = σ2

N,OLS,141

σ2
T = σ2

T,ens + σ2
T,IV,142

cNT = cNT,IV. (18)143

The CERES OLS standard error represents the total marginal uncertainty in Ṅ , and144

we do not add an additional variance to represent internal variability. In contrast, the145

HadCRUT5.1 ensemble samples observational uncertainty but not alternative realizations146

of internal variability, so we add σ2
T,IV to its ensemble variance. We estimate cNT from147

paired Ṅ and Ṫ trends in the CESM2 and MPI-ESM1.2-LR preindustrial-control simula-148

tions. Including this off-diagonal covariance does not add uncertainty to Ṅ ; all marginal149

uncertainty in Ṅ remains represented by σ2
N,OLS.150



We approximate the forcing-trend and pattern-effect uncertainties as151

Ḟ ∼ N
(
µF ,σ

2
F,ens + σ2

F,struct

)
,152

∆λ ∼ N
(
0,σ2

∆λ

)
, (19)153

where σF,struct = 0.1 Wm−2 decade−1 and σ∆λ = 0.3 Wm−2 K−1. The +0.15154

Wm−2 decade−1 ERFaci sensitivity test is implemented by adding 0.15 Wm−2 decade−1
155

to every draw of Ḟ , without changing its uncertainty.156

For the Monte Carlo calculation of LN , we draw plausible values Tj, Fj, and ∆λj of the157

true temperature trend, forcing trend, and ∆λ, and define λdtj = λ2xCO2 −∆λj. Because158

the errors in Ṅ and Ṫ are correlated, the Gaussian density used to score No is conditioned159

on the corresponding temperature draw, although we find this covariance has a small160

effect on the resulting likelihoods. The mean and variance are161

mN,j = Fj + λdtjTj +
cNT

σ2
T

(To − Tj) ,162

σ2
N |T = σ2

N − c2NT

σ2
T

. (20)163

The marginal likelihood is estimated as164

LN(λ2xCO2) ≈
1

J

J∑

j=1

φ
(
No | mN,j,σN |T

)
, (21)165

where φ(x | m,σ) denotes a Gaussian probability density with mean m and standard166

deviation σ. Thus, the subscript N identifies the direction in which the energy-budget167

residual is scored; LN nevertheless uses information on observed trends in both N and T168

and accounts for their correlated uncertainty.169



We calculate LT analogously, but draw plausible values Nj, Fj, and ∆λj and score the170

observed temperature trend. In this case,171

mT,j =
Nj − Fj

λdtj
+

cNT

σ2
N

(No −Nj) ,172

σ2
T |N = σ2

T − c2NT

σ2
N

, (22)173

and174

LT (λ2xCO2) ≈
1

J

J∑

j=1

φ
(
To | mT,j ,σT |N

)
. (23)175

Because the uncertainty distributions are approximately Gaussian, the Monte Carlo176

calculations can also be checked semi-analytically (only semi-analytically because ∆λ177

requires numerical integration, but the λ-space calculation becomes fully analytic if ∆λ is178

ignored and λdt is inferred directly instead of λ2xCO2 .) After marginalizing over Gaussian179

uncertainty in Ṅ , Ṫ , and Ḟ , the variance of the N -space residual is180

VN(λdt) = σ2
N + σ2

F + λ2
dtσ

2
T − 2λdtcNT , (24)181

and its Gaussian density is182

gN(λdt) =
1√

2πVN(λdt)
exp

[
−(No − µF − λdtTo)

2

2VN(λdt)

]
. (25)183

The corresponding T -space residual variance is184

VT (λdt) =
VN(λdt)

λ2
dt

. (26)185

The two likelihoods are then186

LN(λ2xCO2) =

∫
gN(λ2xCO2 −∆λ) p∆λ(∆λ) d∆λ,187

LT (λ2xCO2) =

∫
|λ2xCO2 −∆λ| gN(λ2xCO2 −∆λ) p∆λ(∆λ) d∆λ. (27)188

These expressions make the difference between the two likelihoods explicit: when the189

energy-budget residual is normalized as a Gaussian density in T space, it acquires the190



factor |λdt| = |λ2xCO2 − ∆λ|. Because ∆λ is uncertain, this factor remains inside the191

nuisance-parameter integral. It suppresses LT as λdt approaches zero and gives greater192

relative weight to larger |λdt|. The remaining integral over ∆λ is evaluated numerically.193

The semi-analytic and Monte Carlo likelihoods agree within Monte Carlo sampling error,194

verifying that their differences arise from the statistical models rather than the numerical195

integration.196

For inference in climate-sensitivity space,197

F2xCO2 ∼ N (µ = 3.93,σ2 = 0.292) Wm−2, (28)198

and199

λ2xCO2 = −F2xCO2

S
, λdt = −F2xCO2

S
−∆λ. (29)200

For likelihoods of type k (Lk, representing LN or LT ), define wN(λdt) = 1 and wT (λdt) =201

|λdt|. The likelihood for a fixed value of S is202

Lk(S) =

∫∫
wk(λdt) gN(λdt) p∆λ(∆λ) pF2xCO2

(F2xCO2) d∆λ dF2xCO2 . (30)203

No transformation Jacobian is required in Eq. (30) because S is held fixed while F2xCO2204

is marginalized as a nuisance quantity.205

A Jacobian is required when transforming a prior specified in λ2xCO2 into an S posterior:206

∣∣∣∣
∂λ2xCO2

∂S

∣∣∣∣ =
|F2xCO2 |

S2
. (31)207

The corresponding posterior is therefore208

pk(S | y) ∝
∫∫

wk(λdt) gN(λdt) p∆λ(∆λ) pF2xCO2
(F2xCO2) pλ(−F2xCO2/S)

|F2xCO2 |
S2

d∆λ dF2xCO2 .

(32)209

The prior density and Jacobian remain inside the integral because the likelihood, prior210

transformation, and Jacobian depend on the same value of F2xCO2 . We use the λ2xCO2211



priors described in the main text and restrict the reported positive-S posteriors to 0.05 <212

S < 20 K. We omit covariance between the CO2 contribution to Ḟ and F2xCO2 , which213

has been found to have a minor influence on historical likelihoods (Sherwood et al., 2020;214

Marvel & Webb, 2025).215

Posterior PDFs are normalized by numerical integration. Medians and the 66% and216

90% credible ranges correspond to the 50th, 17th–83rd, and 5th–95th percentiles, respec-217

tively. For the additional comparisons in Fig. S2, the profile likelihood (Lewis, 2023)218

maximizes the same joint Gaussian density over the nuisance quantities rather than in-219

tegrating over them. The surface-integral method of Marvel and Webb (2025) instead220

integrates the joint evidence density over the energy-budget surface in (Ṫ , Ḟ , Ṅ) space.221

With the Euclidean coordinate scaling, this introduces the geometric surface-area factor222

√
(λ2xCO2 −∆λ)2 + 2. This factor depends on the relative scaling, and hence the units,223

assigned to the three coordinate axes. The profile and surface-integral likelihoods are224

included as methodological sensitivity tests; all primary posterior results use the marginal225

likelihood LN .226
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Figure S1. Trends in effective radiative forcing (Ḟ ) for various forcing components.

Data is from the Indicators of Global Climate Change (IGCC) 100,000-member ensemble (Forster

et al., 2025; Smith et al., 2025). Trends are shown for multiple periods, along with the difference

between 2006–2024 and 2001–2024 trends in panel d. Errors are 90% ranges.
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Figure S2. Comparison of likelihood-estimation methods in feedback (λ2xCO2) and

climate-sensitivity (S) space. The preferred method proposed in this study, LN , evaluates

the energy-budget residual in N space and marginalizes over uncertainty in T and the remaining

nuisance quantities using Monte Carlo (MC) integration. The MC calculations agree with semi-

analytic evaluations, which are only semi-analytic because they require numerical integration

over ∆λ. LT follows the formulation used by Sherwood et al. (2020) and shown in the main

text. Additional comparisons are the surface-integral method of Marvel and Webb (2025) and

the profile likelihood, which is one of three equivalent methods considered by Lewis (2023).

Profile and marginal likelihoods generally differ, although they can be proportional in special

linear-Gaussian cases.
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Figure S3. Comparison of likelihoods (as in main text Fig. 2) from the CERES-era

trends over 2006–2024 in this study versus the historical record anomalies spanning

1850–2023. The historical record constraint is based on 2006–2023 mean anomalies relative to

1850–1900 from Cooper et al. (2026). Both likelihoods use the LN approach.
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Figure S4. Posterior ranges including a test with ERFaci trends increased by 0.15

W m−2 dec−1. As in main text Fig. 3, but including an additional posterior with an additional

+0.15 Wm−2 decade−1 added to all ERFaci trends. (a–b) Prior probability density functions

(PDFs), which correspond to (c–d) posterior ranges.
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Figure S5. Posterior ranges using the LT likelihood. (a–b) Prior probability density

functions (PDFs), which correspond to (c–d) posterior ranges, as shown in Figs. 3 and S4, but

using LT instead of LN . Note the different horizontal axes compared to main text Figs. 3 and

S4.
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Figure S6. Trend-based feedbacks in 1pctCO2 simulations. Model output is from

CESM2 (Danabasoglu et al., 2020), GFDL-ESM4 (Dunne et al., 2020), and MPI-ESM1.2-HR

(Mauritsen et al., 2019). Left and center columns show anomalies in TOA energy imbalance

(N), effective radiative forcing (F ), and global-mean near-surface air temperature (T ). The

right column shows feedbacks from trailing 19-year trends, λdt = (Ṅ − Ḟ )/Ṫ . Horizontal dashed

lines show feedback estimates from abrupt-4xCO2 simulations. Abrupt-2xCO2 is also shown for

CESM2; note Dvorak et al. (2025) find CESM2 λ2xCO2 ≈ −1.12 Wm−2 K−1 in an extended

simulation. CO2 forcing is approximated as F (t) = F2xCO2 log[ppm(t)/ppm0]/ log(2), where

ppm(t)/ppm0 = 1.01t and F2xCO2 is the model-specific F2xCO2 reported by Forster et al. (2021).

Anomalies are shown relative to year one.
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Figure S7. Net radiation trends at top-of-atmosphere (TOA) from CERES satellite

data versus atmospheric general circulation models (AGCMs). CERES EBAF Ed4.2.1

trends in N (with trend denoted Ṅ) from Loeb et al. (2018), showing the standard error from

ordinary least squares (OLS) regression, and Ṅ − Ḟ using the IGCC forcing ensemble (Forster

et al., 2025; Smith et al., 2025). We also show Ṅ − Ḟ with +0.15 Wm−2 decade−1 added to Ḟ ,

based on the forcing estimate for aerosol-cloud interactions (ERFaci) in Yuan et al. (2026). Errors

are 90% ranges. C25-piForcing denotes AGCM simulations with constant preindustrial forcings

in Cooper et al. (2026), which used SST and sea ice boundary conditions from an ensemble

reconstruction (Cooper et al., 2025). Three of the boundary conditions were used in all six

AGCMs, while four of the AGCMs used 14 boundary conditions; the boundary conditions are

identified with consistent colors for each AGCM.



Table S1. Summary of input distributions, which are assumed to be Gaussian. “ERFaci”

denotes the test with +0.15 Wm−2 decade−1 added to Ḟ . Units are Wm−2 decade−1 for Ṅ and

Ḟ , Kdec−1 for Ṫ , Wm−2 K−1 for ∆λ, and Wm−2 for F2xCO2 . Lower panel reports the fixed

Ṅ–Ṫ covariance and correlation and the conditional σ used by the covariance-aware likelihoods.

Covariance units are KWm−2 dec−2.
Analysis Quantity Mean 1σ 5% 95%

2001–2024 Ṅ 0.45 0.10 0.28 0.62

2001–2024 Ḟ 0.57 0.15 0.33 0.81

2001–2024 Ṫ 0.24 0.06 0.15 0.34

2001–2024 ∆λ 0.00 0.30 −0.49 0.49

2001–2024 F2xCO2 3.93 0.29 3.45 4.41

2006–2024 Ṅ 0.45 0.16 0.19 0.72

2006–2024 Ḟ 0.68 0.18 0.39 0.97

2006–2024 Ṫ 0.30 0.07 0.18 0.41

2006–2024 ∆λ 0.00 0.30 −0.49 0.50

2006–2024 F2xCO2 3.93 0.29 3.45 4.41

2006–2024 +ERFaci Ṅ 0.45 0.16 0.19 0.72

2006–2024 +ERFaci Ḟ 0.83 0.18 0.54 1.12

2006–2024 +ERFaci Ṫ 0.30 0.07 0.18 0.41

2006–2024 +ERFaci ∆λ 0.00 0.30 −0.49 0.49

2006–2024 +ERFaci F2xCO2 3.93 0.29 3.45 4.41

Analysis Cov(Ṫ , Ṅ) Corr(Ṫ , Ṅ) σṄ|Ṫ σṪ |Ṅ

2001–2024 −0.0021 −0.35 0.10 0.05

2006–2024 −0.0030 −0.26 0.16 0.07

2006–2024 +ERFaci −0.0030 −0.26 0.16 0.07



Table S2. Posterior summaries using the LN likelihood. Columns labeled 5%–95% give

posterior percentiles. “ERFaci” refers to the test using 2006–2024 with +0.15 Wm−2 decade−1

added to the forcing trends to represent possible additional forcing from aerosol-cloud interac-

tions. λ2xCO2 is in Wm−2 K−1 units, and S is in K.

Analysis Prior Parameter Mean Mode 5% 17% 50% 83% 95%

2001–2024 Uniform λ λ2xCO2 −0.48 −0.51 −1.97 −1.31 −0.50 0.34 1.04

2001–2024 Lognormal λ λ2xCO2 −0.79 −0.52 −1.64 −1.19 −0.71 −0.39 −0.24

2001–2024 SW20 process λ λ2xCO2 −1.12 −1.12 −1.77 −1.49 −1.12 −0.75 −0.48

2006–2024 Uniform λ λ2xCO2 −0.79 −0.76 −2.45 −1.68 −0.78 0.10 0.82

2006–2024 Lognormal λ λ2xCO2 −0.89 −0.58 −1.85 −1.34 −0.80 −0.43 −0.26

2006–2024 SW20 process λ λ2xCO2 −1.19 −1.19 −1.85 −1.57 −1.19 −0.81 −0.54

2006–2024 +ERFaci Uniform λ λ2xCO2 −1.38 −1.24 −3.15 −2.27 −1.32 −0.45 0.21

2006–2024 +ERFaci Lognormal λ λ2xCO2 −1.08 −0.74 −2.20 −1.62 −0.98 −0.52 −0.31

2006–2024 +ERFaci SW20 process λ λ2xCO2 −1.29 −1.29 −1.94 −1.67 −1.29 −0.92 −0.65

2001–2024 Uniform λ S 5.7 2.7 1.8 2.5 4.4 9.1 14.7

2001–2024 Lognormal λ S 6.4 3.7 2.4 3.2 5.4 9.6 14.2

2001–2024 SW20 process λ S 4.0 2.9 2.2 2.6 3.5 5.2 7.7

2006–2024 Uniform λ S 4.9 2.3 1.5 2.1 3.6 7.6 13.2

2006–2024 Lognormal λ S 5.9 3.3 2.1 2.9 4.8 8.8 13.4

2006–2024 SW20 process λ S 3.8 2.8 2.1 2.5 3.3 4.8 7.0

2006–2024 +ERFaci Uniform λ S 3.7 1.9 1.2 1.7 2.7 5.4 10.1

2006–2024 +ERFaci Lognormal λ S 4.9 2.7 1.8 2.4 4.0 7.3 11.6

2006–2024 +ERFaci SW20 process λ S 3.4 2.6 2.0 2.3 3.0 4.3 6.0
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