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Review: Using a Gaussian Process Emulator to approximate the climate response pa=erns to 
greenhouse gas and aerosol forcings (egusphere-2025-6046) 

1 Overview 
This manuscript presents a staKsKcal model in the form of a Gaussian Process (GP) 
emulator to approximate the surface temperature response as a funcKon of a collecKon 
of climate forcings including global greenhouse gas concentraKons and regional aerosol 
emissions. The GP model is built on strong staKsKcal theory and methodology. It 
yields substanKal computaKonal efficiency gains compared with using a Global Climate 
Model (GCM) directly. The model is tested and applied to the HadGEM3 GCM (for 
which a good descripKon of the setup is provided) where it is employed to perform a 
sensiKvity analysis, as well as demonstraKng how it may be used for policy-assessments 
under rapid climate change projecKons. The results are consistent with those obtained in 
other studies such as the sixth Coupled Model Intercomparison Project (CMIP6), and 
using reduced complexity models. Furthermore, given the model descripKon and the 
provided Python code, it would be possible to apply the GP emulator to other GCMs. 
This review focuses on the modelling aspect of the manuscript. The research is within 
the scope of GeoscienKfic Model Development (GMD) with the applicaKon illustraKng 
its use to answer scienKfic quesKons of interest to EGU. In addiKon, the presented 
methodology consKtutes a novel contribuKon to staKsKcal modelling of climate models 
by aiming to model spaKal pa=erns rather than the global mean response with respect 
to Kme, as well as the capability to incorporate a larger number of climate forcings as 
input parameters. 
The manuscript is logically structured in its presentaKon of the GCM, input parameters, 
GP emulator, model training data, and its applicaKon and evaluaKon. JusKficaKon 
is provided throughout for the modelling choices and assumpKons explaining potenKal 
limitaKons and how these are addressed. The Ktle clearly describes the content of the 
manuscript. It is also well wri=en, uses good quality and necessary figures to illustrate 
the results, contains appropriate references to exisKng literature, and the abstract 
provides a good summary. 
In summary, this manuscript presents a new form of staKsKcal model as an approximaKon 
to output of a GCM which provides an efficient means of performing important 
uncertainty quanKficaKon tasks such as sensiKvity analyses and policy assessments. I 
recommend publicaKon subject to a few minor revisions. 
 



We would like to thank the referee for their :me spent reading our manuscript and providing 
helpful comments which will improve the quality of the paper. We are glad that the reviewer 
has a posi:ve view of our work and recommends publica:on of the manuscript following minor 
revisions. We address the referee’s comments as we outline below. 
 
2 Main Points and SuggesKons 
Below I outline several suggesKons to enhance the presentaKon of the model and clarity 
of the manuscript. 
2.1 Univariate versus MulKvariate EmulaKon 
The aim of the GP emulator presented in this manuscript is to predict the enKre spaKal 
pa=ern of the global climate change response. In secKon 2.2 it is outlined that the 
Earth is split into N grid cells with independent GP emulators constructed for each grid 
cell. This is a common approach which has been successfully employed in other climate 
modelling studies, for example, Johnson et al. (2020) and Lee et al. (2012). However, 
there is a risk that the emulator mean predicKons and their uncertainty for neighbouring 
grid cells are spaKally inconsistent. It is observed in figure 1 and in Supplementary figure 
S4 that for a variety of input se^ngs that this is not the case in this applicaKon, although 
it is plausible that using a different GCM, training data, or input parameters, that such 
issues may occur. 
Have the authors considered mulKvariate GP emulators? There exists wide ranging 
methodology with many having been employed in applicaKons to climate modelling. 
Some examples include: separable GPs in ConK et al. (2010) and Higdon et al. (2008); 
outer-product GP emulator in Rougier (2008) and Rougier et al. (2009); dimension reducKon 
of the spaKal field, such as in Salter et al. (2022, 2019) and Wilkinson (2010); 
or parallel parKal GP emulators in Gu et al. (2016, 2019). These incorporate extra spaKal 
structure informaKon, thus ensuring spaKal consistency, and with the potenKal for 
smaller uncertainKes through the sharing of informaKon and pa=erns between grid cells. 
Moreover, in the spaKal staKsKcs literature the Kriging methodology is well established 
and amounts to GP emulaKon of spaKal fields (see for example Cressie (1993)) with 
specific covariance funcKons, such as the C4-Wendland class of correlaKon funcKons, 
designed to incorporate spaKal inputs on spheres (GneiKng (2013)). It is acknowledged 
that these methods are generally result in more complex emulators to formulate and can 
be more computaKonally expensive to train, although this is ofen negligible compared 
with the cost of running the GCM. There is a trade-off to be achieved with the emulator 
accuracy. For this manuscript, what is the jusKficaKon for N independent emulators 
versus a mulKvariate approach? 
 



We did consider mul:variate GP emulators, however, we found them to be computa:onally 
prohibi:ve to train due to the large number of grid cells, and we found that the independent 
emulators performed well for our task. We did also explore dimension reduc:on such as PCA to 
induce appropriate correla:ons on the spa:al field and found this to give similar results to 
those presented in our manuscript.  
 
We add a comment on this in the methods: 
 
Line 230: 

 “Here, we use independent emulators for each grid-cell, however, we also found 
similar results with GP emulators applied to the top principal components, a 
dimension reduc:on technique that also enforces spa:al correla:ons between grid-
cells (e.g., Salter et al., 2019; Salter & Williamson, 2022; Wilkinson, 2010).” 

 
We appreciate the sugges:on that mul:variate GPs may be able to share spa:al informa:on, 
thereby reducing uncertain:es and we also comment on this as an extension in the conclusions: 
 
Line 729-731: 

“Another approach to reducing uncertain:es could be to develop mul:variate GP 
emulators which account for the spa:al structure and may be able to share 
informa:on between neighbouring grid cells (e.g., Con: & O’Hagan, 2010; Gu et al., 
2019; Gu & Berger, 2016; Higdon et al., 2008; Rougier, 2009; Rougier et al., 2009).” 
 

 
In the applicaKon to HadGEM3, how many grid cells are there and hence what is N? 
This will aid the reader in understanding whether this methodology would be applicable 
to their model where for larger values of N when using a higher resoluKon model this 
adds to the computaKonal expense of fi^ng, tesKng, and evaluaKng the emulator. 
 
Updated to include number of grid cells: 
Line 292: “Here, we use independent emulators for each of the 𝟐𝟕, 𝟔𝟒𝟖 grid cells” 
 
2.2 GP Emulator Structure 
SecKon 2.5 describes the GP emulator structure. In line 226 it is stated that “the 
prior mean funcKon is ofen assumed to be zero”, for which it is implicit that this is 
the assumpKon made throughout this manuscript. An alternaKve approach is to build 
more global structure into the mean funcKon, such as using low order polynomials of 
the input parameters, thus leaving the covariance kernel to handle the smaller scale 



local variability, such as in Craig et al. (1996), Edwards et al. (2019), and Vernon et 
al. (2010). If the underlying mean behaviour is constant with respect to the inputs, 
then emulators formulated in such a way are sKll capable of idenKfying them. Have 
the authors considered a structured mean funcKon? Would this enable building more 
accurate emulators? The choice of variables to incorporate in a structured mean funcKon 
may also be driven by the results shown in the sensiKvity analysis where the global CO2 
concentraKon forcing parameter has a large sensiKvity index and thus may be informaKve 
as a term in the mean funcKon. 
 
In Line 226, we explicitly say ‘as done here’ to clarify that this assump:on is made: “The prior 
mean func:on is oVen assumed to be zero so that all choices are determined by the covariance 
func:on, as done here.” 
We have not extensively explored building global structure into the mean func:on, although we 
have used a non-sta:onary linear covariance func:on with ARD to determine the slope 
independently for each input. This should be equivalent to a linear mean func:on as the 
reviewer describes and we comment on this. 
 Line 419:  

“This captures the first-order linear rela:onships between emission perturba:ons and 
temperature response, while the remaining terms aim to capture the local variability 
(Craig et al., 1996; Edwards et al., 2019; Vernon et al., 2010).” 
 

 
2.3 Covariance Kernel 
The construcKon of the covariance kernel consists of the sum of a linear kernel, a squared 
exponenKal kernel, and a white noise process (also known to as a nugget term). However, 
it is unclear the exact structure this refers to, and the associated hyperparameters. 
Examples of ambiguiKes include: 
1. Whether it is a homogenous or an inhomogeneous linear kernel, 
2. The exponent form in the squared exponenKal kernel such as using either a single 
common correlaKon length (also known as length scale) hyperparameter, separate 
and potenKally disKnct correlaKon lengths, or encompassing normalisaKon of parameter 
vector differences via an input variance matrix (the fully anisotropic form 
of the squared exponenKal covariance funcKon), 
3. Whether a separate variance hyperparameter is used for each addiKve component, 
or if a shared variance hyperparameter is employed, potenKally with an addiKonal 
weighKng hyperparameter between the two components. 
This could be resolved by including the mathemaKcal formula for K(x, xʹ), highlighKng 
each of the hyperparameters which are esKmated via Maximum Likelihood EsKmaKon. 



In this formulaKon, does σGCM correspond to the white noise variance hyperparameter? 
How does σGP relate to the variance hyperparameter of the non-white noise part of the 
kernel? Also, is there some intuiKon for why this addiKve combinaKon works for the 
surface temperature response being modelled, for example, due to the different properKes 
of the kernels? Please clarify these details. Furthermore, it is iniKally unclear that σGP 
and σtotal are mean uncertainKes over the 18 test scenarios. It would be helpful to clarify 
this and remind the reader that the GP emulator’s uncertainty depends on the new input 
se^ngs at which it is evaluated, and that σGP and σtotal are summary staKsKcs for these. 
InvesKgaKons shown in Supplementary figure S3 illustrate similar results irrespecKve 
of which of a variety of covariance kernels are used in the emulator formulaKon. Why 
did the authors opt for the more complex kernel described, rather than for one with 
fewer hyperparameters, such as MatÅLern-5/2, which is commonly employed across climate 
modelling? Also, what is the intuiKon for why this form of covariance kernel works? Can 
certain modes of variability be associated to each component of the covariance funcKon? 
 
We thank the reviewer for poin:ng this out and have clarified the full covariance structure in 
Sec:on 3.3, see below. This also includes some descrip:ons of the meaning of the 
hyperparameters, and that the white noise kernel used is either fixed based on the GCM values 
or is a learnable hyperparameter.  
 
Line 270: 

The kernel defines the similarity of two inputs 𝒙 and 𝒙′ and how this propagates through 
to the similarity of the outputs 𝒇𝑮𝑷(𝒙) and 𝒇𝑮𝑷(𝒙′). We use 
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This describes an addi:ve kernel consis:ng of three components. The first term 
represents a non-sta:onary linear kernel which learns independent hyperparameters, 
𝝈𝑳𝒅𝟐 	, for each input parameter, 𝒅 (known as Automa:c Relevance Determina:on, 
ARD), represen:ng the rate of change of the output for each input parameter. This 
captures the first-order linear rela:onships between emission perturba:ons and the 
temperature response, while the remaining terms aim to capture the local variability 
(Craig et al., 1996; Edwards et al., 2019; Vernon et al., 2010). The second term is a 
squared exponen:al kernel which also uses ARD to learn independent lengthscales 𝒍𝒅 
for each input parameter, 𝒅. These lengthscales describe how rapidly the output 
changes with respect to varying input parameters. The hyperparameter 𝝈𝑺𝑬𝟐  is a scale 



that describes the total amount of varia:on in the output (Rasmussen & Williams, 
2006). The last term is a white noise kernel which represents the internal variability of 
the GCM, assumed to be constant, 𝝈𝑾𝟐 , for all predic:ons. We explored both fixing  𝝈𝑾𝟐  
at the internal variability derived from the GCM (described further below and used 
throughout the paper unless stated otherwise), and allowing 𝝈𝑾𝟐  to be learned as an 
addi:onal hyperparameter (described in Sec:on 3.3). We chose this kernel func:on 
because of its interpretability, however, we found the emulator to be robust to a range 
of kernel choices (Supplementary Fig. S3). 

 
Following the reviewer’s comments, we also comment on which terms are dependent on x on 
Line 315 which discusses the internal variability component of the noise: 
 
Line 315:  

“We expect this to be present for any predic:on and therefore, we include this as a fixed 
noise term in our emulator, by se[ng 𝝈𝑾𝟐 =𝝈GCM

𝟐  for the white noise covariance 
func:on of the GP emulator. When the emulator predicts the temperature response at 
new unseen input values, there is also predic:ve uncertainty provided by the GP 
emulator, which we label 𝜎GP. Note that this comes from the other covariance func:ons 
and is dependent on the inputs, 𝒙. The total uncertainty arising from both the GCM 
internal variability and the GP emulator predic:on is denoted 𝜎total and these are related 
via 𝜎total& = 𝜎GCM& + 𝜎GP&, discussed later in Sec:on 3.3.” 

 
 

In secKon 3.3 and in Supplementary figure 5 it is discussed how similar uncertainty 
esKmates for σtotal and σGPlearn are obtained where the la=er does not use the fixed 
esKmate of σGCM. Please add informaKon on whether the two emulator structures 
are otherwise idenKcal. In parKcular, does the second emulator possess a white noise 
process for which the variance hyperparameter is esKmated simultaneously with all other 
emulator hyperparameters? This is important for a fair comparison and interpretaKon 
of the results. In addiKon, reporKng and contrasKng the hyperparameter esKmates may 
divulge why σtotal and σGPlearn are similar, as well as provide an explanaKon for the 
main sources of the GP emulators predicKve uncertainty. 
 
We do use the same emulator structure with a white noise process and our edits to the kernel 
structure described above should address this comment and clarify that the emulator structure 
remains the same.  In sec:on 3.3, we add: 



Line 405: “For comparison, we built an alterna:ve version of the GP emulator, where rather 
than fixing the internal variability based on the GCM internal variability, 𝝈𝒘𝟐 = 𝝈𝑮𝑪𝑴𝟐 , we treat 
the white noise covariance 𝝈𝒘𝟐 , as an addi:onal hyperparameter to be op:mized.” 
 
A related minor point is in the learning of σGCM. In lines 242 – 250 this is esKmated 
based on 14 control runs, 8 of which are obtained by spli^ng a 40-year control run into 
8 non-overlapping segments. It is rightly acknowledged that the sample size is small and 
that the autocorrelaKon is likely to have an effect. A potenKal consideraKon would be to 
adjust the esKmate of σGCM to account for the autocorrelaKon in the variance esKmate 
calculaKon. 
 
We appreciate this point, but we do not pursue this here for simplicity. We have checked that 
autocorrela:on between the 8 simula:ons is rela:vely weak, falling between -0.3 and 0.3 for 
most grid cells for the lagged 1 to 4 autocorrela:ons func:ons We also find similar paaerns if 
we compute 𝜎678 over the 6 independent control runs only.  
 
2.4 Training Design 
In secKon 2.3, lines 184 – 193, the design construcKon mechanism is described. An 
interesKng feature is the split where 75% (60 simulaKons) are sampled within the parameter 
ranges given in table 1, whilst the remaining 25% (20 simulaKons) are sampled 
from extended parameter ranges with the 7 regional aerosol forcing parameters upper 
range doubled. The jusKficaKon seems reasonable based on improving signal-to-noise 
raKo for enhanced emulator predicKve fit. Linking to secKon 2.4, where it is stated that 
a maximin LaKn hypercube sampler is implemented, it is unclear how this weighted 
sampling from a nested parameter space is achieved. Please provide more details as to 
the sampling algorithm. For example: 
 
• Are two separate maximin LaKn hypercube designs over each space constructed 
(potenKally with rejecKon of points from the larger space)? 
 
We thank the reviewer for highligh:ng that this was unclear in the manuscript. We do not use 
two separate La:n hypercube designs. The “75%-25%” split was not clearly defined, as we do 
not sample 60 simula:ons from within the parameter space and 20 in the extended range. 
Rather, we mean that the distribu:on for the parameters ensures that 75% of the samples are 
within the defined range, and the remaining 25% are spread further across the parameter 
space. This means that the points are more spread out for the larger forcings. We clarify in the 
text: 
 



Line 255-262: 
“To generate the samples with the distribu:on described above, we first sample 80 
points using a maximin LHS for values between 0 and 1 for all inputs. For the GHGs, we 
use a linear transform to scale the input range so that all values fall within the defined 
bounds. For the short-lived pollutants, we use a linear transform to scale the first 75% 
of samples to lie within the ranges defined in Table 1. We then scale the remaining 
25% of samples to fall between 1 and 2X the maximum values in Table 1. This provides 
us with samples that are further separated for the larger perturba:ons values, but 
more closely sampled in the region we are most interested in.” 

 
 
• Is there a joint opKmisaKon (maximisaKon of inter-design point distance) across 
the two components of the design to ensure that points outside of the standard 
parameter range are not too close to a design point within the range? 
 
No, we use a standard LHS design for simplicity. We clarify: 
 
Line 261: “We also perform an addi:onal 18 simula:ons for tes:ng, which are sampled 
separately from the ranges in Table 1 using a standard LHS design” 

 
Further quesKons raised by the design approach are: 
1. What is the reason for using a 75-25 split? The extended parameter space possesses 
a volume 27 = 128 Kmes that of the standard parameter space, yet only a quarter 
of the design points are sampled from this reason. 
 
We hope that our new descrip:on of the sampling approach clarifies this. We do not sample 20 
training points from the extended region only (which would mean that all 20 samples would 
have unrealis:cally large parameter perturba:ons), but instead we use a scaling to ensure that 
25% of samples come from the extended region for each input parameter. This means it is fairly 
likely that each training point has one large parameter perturba:on.  
 
2. Why is the range doubled? This is parKcularly important if the aim is to have an 
accurate emulator over the standard parameter space, and given how much larger 
this extended parameter space is. Moreover, if it is reasonable to believe that 
aerosol forcings may be large, why is the input parameter range not extended to 
account for this? 
 



The range is doubled to increase the signal to noise ra:o in some of the perturba:ons and to 
help the emulator learn the signals. Even with these larger perturba:ons, we see rela:vely 
weak signals compared to the GHG forcing perturba:ons. 
 
Line 225-230 (not changed): 

“The fact that we apply regional perturba:ons to the short-lived pollutants inevitably 
leads to small changes in abundances and weak forcings. This can give weaker grid-scale 
climate response signals that are difficult to separate from the internal noise (Kasoar et 
al., 2018; Shawki et al., 2018). For this reason, we extend the input space beyond the 
ranges described in Table 1 for these forcers, in order to create an emulator that gives 
less uncertain results. We expect that including simula:ons with stronger perturba:ons, 
which should have larger signal-to-noise ra:os, could be beneficial for constraining the 
emulator predic:on to these perturba:ons. We therefore extend the input space for the 
short-lived pollutants only so that 75% of simula:ons fall within the input range 
indicated in Error! Reference source not found. and the remaining 25% lie outside this 
but within a range that is double this (see Supplementary Fig. S2).” 

 
3. How is fi^ng emulators using the wider parameter range reflected in esKmates of 
correlaKon length parameters? If design points in the extended parameter space 
are a long distance with respect to the correlaKon lengths from the nearest point 
at which the emulator is evaluated then they will provide li=le extra informaKon. 
 
We have looked at the emulator parameters in more detail. The RBF correla:on lengths vary 
significantly between grid cells. There are some regions where the correla:on lengths are short 
sugges:ng that the addi:onal points do add extra informa:on. We also expect that the wider 
parameter range help other kernel parameters, including the linear parameters which are 
es:mated to have larger values over the emission region for the aerosol perturba:ons.  
 
4. What is the addiKonal cost of running the 20 simulaKons outside the standard 
parameter ranges, and is this jusKfied by the improvements in emulator predicKve 
uncertainty? In an ideal scenario, although not pracKcal here due to the cost 
of obtaining further simulaKons from HadGEM3, a fair comparison would be the 
emulators obtained using the presented design with an emulator fi=ed to an 80- 
point maximin LaKn hypercube design over the standard parameter space only. 
 
The reviewer makes an interes:ng point but we have not explored the addi:onal costs involved 
or the gain in emulator accuracy. This would be an interes:ng topic for future work, which we 
now comment on this in the conclusions: 



Line 733-759:  

The overarching goal of this study was to iden:fy a framework for policy-relevant 
emulators. We made several choices when designing the training and test dataset 
using GCM simula:ons, from which future studies can learn. For instance, we chose a 
maximin La:n hypercube design to sample uniformly across the distribu:on of each 
parameter. We extended the parameter space for the aerosol forcings beyond their 
feasible ranges to account for the weaker aerosol signals compared to the greenhouse 
gas forcings. S:ll, we found that many simula:ons are dominated by the response to 
greenhouse gas forcings. Future studies may wish to compare the emulator 
performance under different ra:os of extended parameters to realis:c parameters. 
Alterna:ve designs, such as selec:ng some simula:ons with restricted greenhouse gas 
perturba:ons, which lead to stronger aerosol signals could poten:ally improve 
performance in this range. Furthermore, Bayesian op:miza:on techniques could be 
used to directly iden:fy new parameter choices for addi:onal GCM simula:ons that 
would reduce emulator error or uncertainty (Shahriari et al., 2016).” 

 
3 Technical CorrecKons and SuggesKons 
• Lines 97-114 – This paragraph describes how the surface temperature ‘response’ 
is defined. It would be clearer to have this as a mathemaKcal formula as the key 
quanKty of interested to be emulated. 
 
Lines 111-139: 
 

We es:mate the control surface temperature, by averaging over all years and all 
control simula:ons 𝑻>𝑪𝑻𝑹𝑳. All perturba:on runs are ini:alized from the same state and 
run for 5 years. The well-mixed GHGs are perturbed via their global concentra:ons, 
while for the short-lived pollutants we use scaling factors for emissions over broad 
regions, described further in Sec:on 2.2. We define these as inputs to the GCM, 
denoted 𝒙𝒑 for perturba:on 𝒑. We es:mate the perturba:on surface temperatures by 
averaging over the 5 years and we denote this as 𝒇𝑮𝑪𝑴(𝒙𝒑). We define the short-term 
surface temperature ‘response’ as  

𝒚< = 𝑓678(𝒙<) − 𝑻>7=>$ 

The surface temperature response is defined at every grid cell of the GCM, giving a 
complete spa:al map, i.e., 𝒚 = (𝒚𝟏, 𝒚𝟐, ⋯ , 𝒚𝑵) for all 𝑵 = 𝟐𝟕, 𝟔𝟒𝟖  grid cells. 

 
• Line 112 – It is wri=en that yGP ≈ y. This may be ambiguous and require a more 



mathemaKcally precise definiKon. For example, is it that the GP mean is a close 
approximaKon of y, or does this also encapsulate that the uncertainty is “small”? 
 
We have removed this and improved our descrip:on of the GP (this directly follows on from 
paragraph pasted above): 
 
Lines 140 – 145: 

2.2 Gaussian process emulator 

Our perturba:on simula:ons create 𝑷 = 𝟖𝟎 input-output pairs which we call our 
training data 𝑫 = (𝒙, 𝒚). We use a GP emulator to es:mate the surface temperature 
response to a new emissions scenario, 𝒙∗. The GP provides a probability distribu:on for 
each 𝒙∗, from which we can sample, i.e., 

𝒚6B ∼ 𝐺𝑃(𝒙∗|𝐷) 

This means we can also es:mate the mean 𝝁𝑮𝑷 and uncertainty 𝝈𝑮𝑷𝟐   for each 𝒙∗. 
 

 
• Lines 211-212 – This is more commonly referred to as a maximin LaKn hypercube 
design. 
 
We add “maximin” 
 
• Line 228 – The kernel K(x, xʹ) = Cov[f(x), f(xʹ)], thus G(x) and G(xʹ) should be 
replaced f(x) and f(xʹ) respecKvely. 
 
Thank you for spojng this typo, we have corrected this. 
 
• Line 243 – This is the first reference to a 40-year control run. Should this be 
introduced in secKon 2.1 where the six 5-year control runs are first described? 
 
Yes, thank you, we added to Sec:on 2.1 Global Climate Model Configura:on: 

Line 107-111:  

“The last 40-years of this simula:on is treated as a control run and this was then used 
as the star:ng point for simula:ons that serve as training data for the emulator.  



Before compu:ng any perturba:on runs, an addi:onal six 5-year-long control 
simula:ons were performed star:ng from this equilibrium state, giving a total of 70-
years of control simula:ons.” 

 
• Line 360 – Point 1 – For the purpose of reproducibility, please provide more informaKon 
on how the inputs are sampled including their variance (or standard 
deviaKon), and whether they are jointly or independently sampled. 
  
Line 449 “we sample all other inputs from independent normal distribu:ons, centered at 
present day levels with standard devia:ons set to ¼× the input range presented in Table 1.” 
 
• Line 360 – Point 2 – Ranges are defined for each of the input parameters. Are 
these limits enforced here? 
 
These limits are not strictly enforced here. 
 
• Line 511 – Add a citaKon to the heteroscedasKc GP emulaKon paper Binois et al. 
(2018), and variance emulaKon, such as in Andrianakis et al. (2017). 
 
We have added these cita:ons. 
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