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Abstract: As per the IPCC 6th assessment report, Anthropogenic activities continue to cause increasing and prolonged
impacts on the Earth’s system. There is a growing need for tools and data driven models to develop adaptation plans,
vulnerability assessments and resilience strategies. In various future socioeconomic scenarios fully coupled GCMs, (known
as Earth System models) are the most used numerical models for climate change projection generations. These models have
been the benchmark of climate modelling since their inception. However due to numerous parameters and an extensive
spectrum of spatial and temporal scales, these models entail substantial computational costs which are usually executed as
part of international experiments like CMIP (Coupled Model Inter-comparison Project). To circumvent this, one of the
obvious solutions is the use of surrogate models of the GCMs. Often termed as emulators, surrogate models are designed to
mimic the functionality of a GCM but still being very light in terms of computational as compared to a GCM maodel.
Statistical surrogates have been prevalent for climate modelling since many years. However due to availability of huge
volumes of observational, simulation and reanalysis climate data in the recent years, increase in the computational power
of modern CPUs/GPUs and growing popularity of data driven modelling techniques, machine learning and deep learning
based surrogate models for climate are becoming more prominent. In contrast to statistical surrogates, deep learning
surrogates can capture complex nonlinear relationship between data, and can adapt to changing data patterns enabling
them to capture even the minute dynamics of climate systems. Although having an advantage on some aspects, deep learning
surrogates lack interpretability, can extrapolate values beyond the training points (lack of calibration) and cannot capture
model uncertainty to a satisfactory extent. To mitigate these issues, GPR emerges as a viable candidate, as it uses a
probabilistic approach to model the uncertainty estimates. GPR based models can be further tuned for better accuracy
through the use of composite kernels. With the advancements in machine learning algorithms and increasing number of
domains across various engineering streams employing GPR models, It is expected that better composite kernel design
techniques will be introduced enabling higher accuracy and resolution in emulation techniques. The present work is a
comprehensive summary of the potentials and limitations of GPR, as a surrogate for modelling climatic processes.

Index Terms - Earth System Science, Deep learning, Gaussian Process Regression, Climate Modelling

. INTRODUCTION

The climate of Earth has been predominantly determined by the balance of energy received from the Sun and energy radiated back
into space also phrased as Earth’s Energy-budget. In the absence of anthropogenic activities, the planet undergoes natural cycles
that play a key role in regulating its climate. Anthropogenic Climate Change is closely associated with the usage of fossil fuels, the
release of aerosols, and changes in land use through agricultural practices and deforestation, as they are responsible for the emissions
of four primary greenhouse gases, that are, carbon dioxide (CO,), methane (CHa,), nitrous oxide (N>O) and the halocarbons (a group
of gases containing fluorine, chlorine and bromine). [28] Projection of climate change is fundamentally distinct from weather
prediction, as forecasting weather is an” initial condition problem”, whereby the future state is determined by its present (and past)
state, therefore, input accuracy plays a vital role. Even with this information, even a small change in the initial condition can lead
to drastically different outcomes due to the phenomenon of” deterministic chaos”, which was first demonstrated by Edward Lorenz’s
three-equation model, on his Royal Mcbee at MIT.

In contrast, climate is a long-term mean of the weather (typically spanning for 3 decades), it is relatively less sensitive to initial
conditions. This is because the memory of initial conditions can last for a significant duration primarily in the” inherently slow”
components of the Earth system, such as the ocean. Climate projection is a” boundary conditions problem”, i.e, it depends on the
factors such as the Earth’s orbit and the levels of greenhouse gases and aerosols in the atmosphere. It is also heavily dependent on
the current ocean state for accurate prediction.

For extended periods of time, climate prediction is increasingly hinged in the trajectory of key forcings like CO;emissions, which
is mostly governed by anthropogenic activities. In alignment to the goals of the IPCC (Intergovernmental Panel on Climate Change)
Paris agreement, which aims to restrict the global average temperature rise to” well below 2°C above pre-industrial levels and
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pursue efforts to limit the increase to 1.5°C”, there are numerous emission trajectories which cannot all be evaluated because Earth
system models are large and have hundreds of tunable parameters, ergo, it takes a lot of time as well as space to run. [24]

To mitigate this the development of Emulators/Surrogates are becoming common, which can be used to replace full scale Earth
system models. These emulators can help in the evaluation of various shared socioeconomic pathways (SSPs), which are important
for policymakers to assess these trajectories so that they can evaluate the economic and societal and come up with different
adaptation strategies.[42]

Emulators, therefore, plays a crucial role in climate modelling and projection, due to their ability to provide computational efficiency
enable uncertainty quantification, facilitate parameter analysis, model calibration, and aid in intercomparison. They provide a faster
and more systematic way to approximate the behavior of complex climate simulators and allows for cost effective sensitivity
analysis.[40]

Il. IMPORTANCE OF CLIMATE CHANGE

Climate refers to the typical atmospheric conditions of a location for extended period, usually spanning several years or decades.
The effects of climate change are widespread, affecting both human and natural systems. They can be observed in various sectors
such as agriculture, ecosystems, energy, and health, and can also worsen existing issues like poverty and political instability. By
examining these impacts and our susceptibility to them, we can enhance our understanding of the importance of adaptation and
resilience. The general circulation of atmosphere, which includes the semi-tropical trade winds, cyclonic storms accountable for the
trade of moisture and energy, etc, are responsible for the regulation of climate.

It is undeniable that climate change is one of the defining challenges of the 21st century, we can no longer rely on the records of
past weather, therefore, modelling the future climate has become essential. As climate system is too complex for the human brain
to grasp with simple insight, numerous computer applications are available.[40]

I1l. GENERAL CIRCULATION MODEL (GCMS)

A General Circulation Model, or GCM is a high resolution, grid-based computer simulation of the Earth’s atmosphere. The
simulation is designed such that it considers various factors that affects the Earth’s climate, such as the composition of gases and
particulate matter in the atmosphere, heat transfer, fluid dynamics, solar radiations, the interaction between lithosphere, aerosphere
and hydrosphere, as well as external factors known as forcings, such as changes in greenhouse gas concentrations, alterations to
ocean currents, volcanic eruptions, solar radiation, and other human activities. The resolution in GCM refers to the spatial and
temporal discretization used to represent the Earth’s atmosphere and other components of the climate system, spatial resolution
refers to the size of grid cells, temporal resolution is the time step used for model advancement. Higher spatial and temporal
resolutions lead to better depictions of weather and climate phenomena but also requires more computational resources. Enhanced
spatial and temporal resolutions typically result in more accurate depictions of weather and climate phenomena, but necessitate
increased computational resources and can incur higher computational costs.

GCM uses mathematical equations to model the fundamental physical processes that govern the Earth’s climate, and subsequently
simulate how the various attributes interrelate with each other over time. These equations are used to study the Earth’s climate
under different conditions and to predict how the climate may change in the future, helping policymakers to develop strategies for
mitigating and adapting to the impacts of climate change.

General Circulation Models (GCMs) consist of two main types of models: Atmospheric Models, which simulate changes in the
atmosphere, and Ocean Models, which simulate changes in the ocean. These two types of models are connected to create a complete
climate model. The most used models for making predictions of future climate are the Coupled Atmosphere-Ocean General
Circulation Models (AOGCMs).[20]

The Canadian Earth System Model version 2 (CanESM?2) is a widely used climate model developed by the Canadian Centre for
Climate Modelling and Analysis, the ensemble includes the 25 basic predictor variables as well as total precipitation amount at the
daily scale. It has a spatial resolution of 2.8°x 2.8° [12]

The Norwegian Earth System Model (NorESM) is a widely used climate model, the NorESM resolution typically ranges from
around 1 to 2 degrees in the atmosphere, which means that the Earth’s surface is divided into grid cells of size approximately 100-
200 kilometers on each side. [6]

3.1. Issues With GCM

While GCMs are useful tools for predicting future climate scenarios, GCMs have several limitations and issues that needs to be
addressed. Some of the issues with GCMs include uncertainties in forcings, model tuning, and lack of consensus among different
models in their predictions of future climate scenarios.

However, one of the major challenges associated with GCMs is that they are computationally intensive and require significant
computing resources to run because they are comprehensive models that simulate the interactions between the atmosphere, ocean,
land surface, and other components of the Earth system on a global scale. These models involve complex numerical calculations
and require high-performance computing facilities to handle the massive amount of data involved. The computational demands of
GCMs increases with the complexity and resolution of the model, which can limit the scope and scale of climate research that can
be conducted using these models.

IV. EMULATORS (SURROGATES)

GCMs are comprehensive models that simulate the interactions between the atmosphere, ocean, land surface, and other components
of the Earth system on a global scale, they are all encompassing model that aims to capture the dynamics of the entire Earth’s
climate system. Because of this, GCMs are computationally expensive and not ideal in scenarios where only specific aspects of the
Earth’s climate system is to be studied. For this purpose, Climate simulators can be used, they are a software tools that simulates
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processes, phenomena, or scenarios related to the Earth’s climate system in contrast to GCMs which are a type of numerical model
used to simulate the global atmospheric circulation patterns.

Climate simulator is a computational model that employs mathematical equations to simulate various processes of the Earth’s
system. They are built upon intricate set of equations that encapsulates the fundamental physical laws governing climate processes,
such as energy and mass conservation, heat transfer, radiative transfer, etc. They are commonly used to simulate the behavior of
climate systems under the effect of some kind of forcing, like change in greenhouse concentration, solar radiations, etc.

PLASIM (Planet Simulator) is a widely used global climate simulator, typically used to investigate the dynamics of long-term
climate, encompassing factors such as temperature fluctuations, precipitation patterns, atmospheric circulation, and the response of
the climate system to external drivers such as changes in greenhouse gas concentrations or solar radiation.[19]

However, due to the modelling of mathematical equation, simulators are computationally very heavy, this can be solved using
climate emulators or surrogates. Climate emulator is a simplified statistical or machine learning model that approximates the
behavior of a climate simulator. Emulators are often used as a computationally efficient alternative to simulators, as they can provide
similar results with lower computational costs. Emulators tries to mimic the simulator output with as little loss as possible. There is
trade-off between interpretability and computational efficiency, but the cost of running the emulator is much lesser than its limitation
in interpretability. Furthermore, an area of research known as ’interpretability theory’ is introduced to explain how machine learning
model makes predictions.

The use of surrogates or emulators allows for the examination of intricate systems or processes, experimentation with hypotheses,
performance optimization, and prediction making. These tools prove particularly valuable when analyzing systems with a high
degree of complexity, uncertainty, or variability.

Therefore, the utilization of surrogates or emulators empowers researchers and engineers to obtain valuable insights into intricate
systems and processes, enabling them to arrive at superior decisions and devise more efficient and effective solutions. Some other
issues relevant in the discussion of the characteristics of a deep learning-based climate emulator are as follows.

4.1 Physics-Informed Neural Networks (PINNS):

Physics Informed Neural Networks (PINN) are neural networks that applies scientific principles and laws of physics to solve
problems that involve Partial Differential Equations (PDEs). PINNSs incorporate the governing PDEs as constraints within the neural
network architecture, enabling them to learn the underlying physics and make accurate predictions about the system being modeled.
This function penalizes deviations from physical laws or principles, thereby constraining the network to conform to known physical
behavior. The incorporation of physical constraints into the loss function allows the neural network to learn from data while adhering
to fundamental physical laws and principles, resulting in more accurate and reliable predictions.

Additionally, PINNSs can learn from observational data to improve the accuracy of the emulated climate models. This combination
of physical constraints and data-driven learning makes PINNs a powerful tool for climate emulation, with potential applications in
climate forecasting and policy-making. However, the application of PINNSs in climate modelling was only limited to deterministic
models but Bjorn Lutjens et al. that combines polynomial chaos expansion (PCE), a classic technique for uncertainty propagation,
with PINNs. The PCE-PINNs learn a fast surrogate model that is useful for uncertainty propagation of known parameter
uncertainties, which is demonstrated by the effectiveness of ocean modelling. [14,27]

4.2 Interpretability Theory:

Numerous deep learning topologies have emerged as promising climate emulation techniques, nonetheless, these models are still
thought of as black boxes in the field of climate science, given the difficult interpretation of their inner functioning of climate
models.[17]

Interpretability theory is an area of research in machine learning that focuses on developing methods to understand and explain how
machine learning models make predictions. In the context of climate emulation, interpretability theory can be used to gain insights
into how Physics-Informed Neural Networks (PINNSs) are learning to approximate the behavior of more complex climate models.
By understanding how the PINN model is making predictions, researchers can identify which aspects of the climate system are
being accurately represented and which ones are not. This can help researchers improve the model by identifying areas that require
further refinement or additional data.

V. TYPES OF EMULATORS
The different types of surrogates employed over climate data can be classified as Statistical and Deep learning.

5.1 Statistical Surrogates

Statistical surrogates are statistical models or algorithms that imitate the behavior of intricate systems or processes. Unlike
traditional surrogates or emulators, which are often based on physical or mathematical principles, statistical surrogates rely solely
on statistical methods and data-driven techniques. Statistical surrogates can be used to analyze and model complex systems that are
difficult to understand or describe mathematically, such as environmental systems. They are also useful when there is a lack of
fundamental understanding of the underlying physical principles of the system. The purpose of these models is to mimic the input-
output relationship of the system being studied, based on empirical data.

The working of statistical surrogates for GCMs involves training a simplified statistical model to approximate the output of the full
GCM. This training is typically done using data generated by the GCM or other sources. The statistical model is designed to capture
the key relationships and patterns in the data, allowing it to make accurate predictions of the GCM output for new scenarios or
inputs. Once training is done, it can be used to quickly generate predictions for a wide range of scenarios, without the need to run
the full GCM. This can significantly reduce the computational time and resources required to explore different climate scenarios
and study their potential impacts.
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To create a statistical surrogate for a GCM, the first step is to identify a set of input variables that are likely to have a significant
influence on the output of the original model. These input variables may include various factors such as atmospheric CO, levels,
ocean temperature, solar radiation, and others. The surrogate is then trained using a subset of the output data from the original
model, which is typically obtained by running simulations for a range of input values. The training process involves finding a
mathematical function that can map the input variables to the output variable with a high degree of accuracy.

Once the surrogate is trained, it can be used to predict the output variable for new input scenarios that were not included in the
training set.

However, it is important to note that surrogates are typically less accurate than GCMs, and may not capture all the complexity of
the climate system. To ensure better results any uncertainty in the predictions should be properly accounted for, and can be used in
conjunction with GCMs and other tools to provide a more complete and accurate simulation of the climate system.

Schematic flow of Surrogate model

Selecting an
interpretable surrogate

Design of Experiment

i Y

GCM Simulation Runs Training Surrogate
(Computationally > (Statistical/Deep
expensive) Learning)

Y

Optimizing surrogate,
Model Calibration and
Embedding

Fig. 1. Surrogate Model workflow
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Model Description Features
(Model for the Assessment of Greenhouse-gas Induced 1. Incorporates representations of the
Climate Change) radiative forcing of all major greenhouse

MAGICC A climate model used to simulate Earth's climate gases

response induced by the greenhouse gas. 2. Open Sourced
(Finite amplitude impulse response) 1. Can model complex interactions
It is a simple emissions-based climate model, helps in between the atmosphere, ocean, land and
calculating change in global temperature resulting from a | ice

FAIR sudden increase in atmospheric greenhouse gas 2. Can be used to study climate variability
concentrations. and change over long-time scales
(Modular Earth System Model Emulator with Spatially 1. Spatially resolved output allows for
Resolved Output) more detailed analysis

: It is a specific type of modular earth system model 2. Allows for easy modification and
MESMERM ) S : : o e

emulator that can provide high-resolution, spatially customization of different model
resolved output. components
It is a simple climate model (SCM, also known as a 1. Computationally efficient
reduced-complexity climate model), a class of models 2. Can easily be coupled to other models

Hector that are extremely versatile with a wide range of and used to design scenarios, emulate
applications more complex climate models, and

conduct uncertainty analyses.

Table. 1. Popular Statistical Climate Emulators

5.2 Deep Learning Surrogates

Deep learning surrogates refer to artificial neural networks that are used to model and approximate the behavior of a complex system
or process. These models are designed to learn complex patterns and non-linear relationships in large datasets and to make
predictions based on the learned information. They typically consist of multiple layers of artificial neurons, which are connected by
weights that are adjusted during the training process. During training, the model is presented with input data and the corresponding
output data, and the weights are adjusted to minimize the difference between the predicted output and the actual output. Once the
deep learning surrogate has been trained, it can be used to predict the behavior of the system under different input conditions. For
example, a deep learning surrogate for a weather forecasting system may be trained on historical weather data and used to predict
future weather patterns.[44]

VI. GAUSSIAN PROCESS REGRESSION
Gaussian Processes (GPs) are extensively employed in Probabilistic modeling applications to replicate computationally expensive
models like GCMs, it also minimizes the computational requirements for uncertainty quantification tasks such as uncertainty
propagation, sensitivity analysis, and calibration.
The reason behind such widespread popularity of GP is due to their flexibility, ability to account for the uncertainty in the
predictions, and mathematical simplicity for various crucial properties such as likelihood function, predictive distribution, and their
derivatives.
6.1 Working of GPR
Gaussian Process (GP) regression is data driven machine learning technique used for making predictions. It models the relationship
between inputs and outputs as distribution (rather than a fixed function), using a probabilistic approach. To understand this process
better, we start with the concept of function. A function is a simple rule that maps inputs and outputs, for instance, the function (f(x)
= x2) maps the input x to its squared value. However, in GP regression, instead of assuming a fixed function f(x), we assume that
the relationship is governed by a probability distribution. This distribution is known as a Gaussian process. A gaussian process is a
collection of random variables, any finite number of which have a joint Gaussian distribution. It is a way of describing how different
data points are related to each other, this distribution is used to make predictions about new data points based on their similarity to
existing data. The first step in Gaussian process regression is to define a prior distribution over the possible functions f(x). We
assume that f(x) follows a Gaussian process with a mean function m(x) and a covariance function k(x,x’):

f(x) GP(M(x), k(x,x)) 1)

where, the mean function m(x) tells us about the expected value of f(x) for any given x, the covariance function k (x, X”) gives us
the correlation between f(x) and f(x’) and the covariance function defines the shape of the Gaussian process, and it determines how
smooth or rough the function f(x) is likely to be.
Given this prior distribution over f(x), we then use the observed data to update our estimate of f(x) using Bayes’ rule. The likelihood

function is given by:
PYXf(x)) = NOIf(x).0°)  (2)

where (N(y|f(x),¢%)) is the normal (Gaussian) distribution with mean f(x) and variance (¢?) . This likelihood function tells us how
likely the observed data y is, given our estimate of f(x) and some noise level (¢2).
Using Bayes’ rule, we can compute the posterior distribution over f(x) given the observed data:

P(FCAX.Y) = N(F)I(X),Z(x) (©)
where p(x)andZ(x) are the mean and covariance functions of the posterior distribution, respectively. These can be computed using
the prior mean and covariance functions, the likelihood function, and the observed data.
Finally, we can use the posterior distribution over f(x) to make predictions for new values of x. Given a new value of x*, we can
compute the predictive distribution over y* using:
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Py * Pxsxy) = N(y * [ * (xx),0% % (xx)) (4)
where (1 * (x+)) and (o2 * (x+)) are the mean and variance of the predictive distribution, respectively. These can be computed using
the posterior mean and covariance functions, the likelihood function, and the new value of x*. Therefore, it can be said that, GP
regression is a way of estimating the relationship between two variables using a flexible probabilistic model. The model is defined
by a prior distribution over possible functions, which is updated using Bayes’ rule based on observed data. The resulting posterior
distribution over functions is then used to make predictions for new values of the input variable.

6.2 GPR Kernels

By employing a covariance function (or Kernel), we can improve the accuracy of our function estimations using the available data.
Therefore, by choosing a covariance function, a prior is chosen or an initial guess is made about the function.

Typical kernels include: constant; linear; radial basis function (RBF; or squared exponential); and Matern 3/2 and” 5/2 which are
only once and twice differentiable respectively. Kernels can be customized to capture any properties of the functions under
consideration, such as non-uniformity or periodicity. Kernels play an important role in determining the functions generated by the
GP, therefore, the combination of common kernels can provide better control and interpretability of resulting model.[16]

6.2.1 Radial Basis Function kernel

The Radial Basis Function kernel or Squared Exponential kernel are stationary kernels that remain unaffected by translations in the
input space. Moreover, they are positive definite, fulfilling the Mercer condition and enabling their usage in kernel methods like
Gaussian process regression. Amongst these, the radial basis function kernel stands as the most frequently utilized one. (Also called
the quadratic exponential kernel, the squared exponential kernel or the Gaussian kernel):

clerp(—(z — ')

kSE(:I:':I’J) - 2{2 (5)

This kernel is infinitely differentiable, which implies that GPs with this kernel as covariance function have mean square derivatives
of all orders, and are thus very smooth.

ANV

Fig. 2. Radial Basis Function kernel

6.2.2 Rational Quadratic Kernel
The Rational Quadratic kernel can be seen as a scale mixture (an infinite sum) of RBF kernels with different characteristic length-
scales. It is parameterized by a length-scale parameter I;0 and a scale mixture parameter o ¢ 0 Only the isotropic variant where is a
scalar is supported now. The kernel is given by:

1+ (x—a)?
2012 )

krq(z,z') = o*(

(6)

The parameter ¢ determines the relative weighting of largescale and small-scale variations.

Fig. 3. Rational Quadratic Kernel

6.2.3 Matern kernel

The Matern kernel, which is a more inclusive version of the RBF kernel, is considered to be a stationary kernel. The kernel can be
adjusted to vary the smoothness of the output function by modifying an additional parameter ». This parameter is determined by a
length-scale parameter 1,0, which can be either a scalar (representing the isotropic version of the kernel) or a vector that matches
the number of dimensions of the inputs x (representing the anisotropic variant of the kernel). The mathematical expression for the

kernel is as follows:
1 vV2u . v 2v )
b (@is 2j) = gt (T @i, 5))” (ke (S d(wi, 25))°
(N
where d(xi,X;)is the Euclidean distance, k, is a modified Bessel function and I is the gamma function. As v — o, the
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Matern kernel converges to the RBF kernel. When” 0»=1/2, the Matern kernel becomes identical to the absolute exponential’
kernel

6.2.4 Composite Kernels

A composite kernel is simply a combination of two or more individual kernels, which allows for more flexible modeling of the
covariance structure.

The composite kernel function can be defined as the sum, product or any linear combination of the individual kernels. For example,
a common composite kernel function used in GPR is the sum of the radial basis function (RBF) kernel and the Matern kernel:

k(x, X) = k_RBF(x,x)+ k_Matern(x,x) 8)

The RBF kernel is a smooth kernel that assumes that nearby points have similar function values, while the ‘Matern kernel’ is a more
flexible kernel that allows for varying levels of smoothness in the function. By combining these two kernels, the composite kernel
can capture both the smooth and non-smooth components of the function.

Composite kernels provide a powerful tool for modeling complex covariance structures in GPR, and can help improve the accuracy
of predictions.

VIl. GAUSSIAN PROCESS REGRESSION FOR CLIMATE EMULATION

Gaussian processes (GPs) have gained popularity as a preferred option for model emulation because of their elementary formulation
and reliable uncertainty estimations, particularly when the amount of training data is relatively limited, and for its ability of non-
parametric interpolation (method of estimating values between known data points without assuming a specific function). They are
well suited for climate data because they can effectively handle nonlinear relationships between variables and provide reliable
estimates of their relationship.

As aforementioned, GPR is a distribution of continuous function, an infinite dimensional normal distribution, which means the
distribution is characterized by an infinite dimensional mean function and a covariance operator that maps pairs of functions to real
numbers, rather than a mean vector and covariance matrix.

Utilizing the normal distributions and tools of Bayesian inference enables us to employ mathematical techniques to estimate the
form of a function given a set of data. This estimation process can be performed in an interpretable and practical manner. A Gaussian
process (GP) is a way of making these estimations by using a mean function and a covariance function determines the degree of
similarity or difference between different function values and serves as a model for the behavior of the function.

When fitting a GP, the hyper-parameters that need to be optimized are the kernel’s smoothness and length-scale.

Although, GPR has humerous advantages, it comes with a few limitations, when applying a Gaussian process to a data set of size
n exact inference has complexity O(n®) with storage demands of O(n?). This limits the Gaussian process models to approximately
1000 training points, which is not enough training points to learn complicated functions.[13]

To mitigate the time and space complexity, one of the approaches can be Quantum Gaussian process regression, which is proposed
using LCU Hamiltonian simulation [11], which has a quadratic acceleration compared with classical counterpart.

Additionally, GPs can be parallelized effectively using GPUs, it can be done by computing covariance matrices (N?), computing
Cholesky factors of positive-definite matrices (N%), solving triangular systems using back-substitution (N?), and optimizing hyper-
parameters using some kind of parallel global optimization or sampling algorithm.
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Model

Advantages

Limitations

Suited for

1. Provides probabilistic output
and uncertainty estimates.
2. Flexibility in handling non-

1. Computationally expensive for
large datasets. O(N"3)
2. Requires careful selection of

Small to medium-sized climate datasets,
non-linear and non-parametric
regression problems, and sparse

linear and non-parametric kernels. sdatasets

Gaussian Process models. 3. May not perform well with high-

Regression (GPR) 3. Can handle missing data dimensional datasets.
well.
1. Simple and computationally | 1. Assumes a linear relationship Linear problems with a small number of
efficient. between the dependent and features.

Linear Regression 2. Easy to interpret model independent variables.
coefficients. 2. Sensitive to outliers.
1. Handles multicollinearity 1. Requires tuning of regularization Linear problems with multicollinearity
well. parameter. and overfitting issues.

2. Regularization reduces
overfitting.

2. Assumes a linear relationship
between the dependent and
independent variables.

1. Requires tuning of regularization
parameter.

2. Assumes a linear relationship
between the dependent and
independent variables.

1. Requires careful selection of kernel

Ridge Regression

1. Handles multicollinearity
well.
2. Performs feature selection.

Linear problems with a small number of
features and overfitting issues.
Lasso Regression

1. Performs well on high- Non-linear problems with a large

Support Vector dimensional datasets. functions. number of features and high-
Regression (SVR) 2. Handles non-linear 2. Can be sensitive to the choice of dimensional datasets.
relationships well hyperparameters.

Table.2. Characteristics of Regression Models

VIll. FRAMEWORKS
8.1 TensorFlow Probability

TensorFlow Probability, is a Python library that leverages TensorFlow and facilitates the integration of deep learning and
probabilistic models on contemporary hardware such as GPUs and TPUSs. It supports a wide range of probabilistic models, including
Gaussian process regression. With TFP, users can easily construct and train Gaussian process regression models, which can be used
for tasks such as modeling non-linear dependencies between variables, making predictions, and uncertainty estimation. The library
provides a range of useful tools and features for working with Gaussian processes, including kernels, likelihood functions, and
various optimization techniques. The tfd.GaussianProcess(kernel=kernel,index points=Xtrain [...np.newaxis],observation noise
variance=noise std**2), is used to call the Gaussian process regression function. The ’kernel’ argument is used to specify the
covariance that describes the relationship between pairs of input points. The most common choice for functions that are smooth but
not infinitely differentiable is the Matern 1/2 kernel. The index points argument specifies the input points that the Gaussian Process
prior applies to. Xtrain is used as the input points for the prior, since we want to learn a function that interpolates the training data.
Finally, observation noise variance specifies the variance of the noise in the training data. We then compute the posterior distribution
over functions given the training data and the prior, and use it to make predictions on a set of test points. The posterior () method
computes the posterior distribution over functions given the training data and the prior. We pass in Xtest as the input points for the
posterior, since we want to make predictions on these points. We then use the mean () and stddev() methods to compute the mean
and standard deviation of the predicted function at each test point. Finally, we plot the true function, the training data, and the
posterior mean of the predicted function with 2 standard deviations shaded around it.

8.1.1 Features
Some key features of TensorFlow Probability’s Gaussian Process Regression:

1.Flexibility in choice of kernel function: TFP offers a variety of kernel functions to choose from, including the Matern family of
kernels, the Squared Exponential kernel, and the Rational Quadratic kernel. Users can also define their own custom kernel functions
if necessary.

2.Scalability: TFP’s Gaussian Process Regression is designed to be scalable to large datasets. The *Gaussian Process’ class uses
efficient algorithms for computing the posterior distribution over functions, and can handle high-dimensional input spaces.

3.Integration with TensorFlow: TFP’s Gaussian Process Regression is built on top of TensorFlow, which means that it can be easily
integrated with other TensorFlow based models or pipelines.

8.2 GPFlow

GPFlow is a Python library that provides tools and functionality for Gaussian process regression, similar to TensorFlow Probability.
GPFlow leverages TensorFlow as its computational engine, allowing for efficient and scalable Gaussian process regression. The
GPflow interface and Python architecture are heavily influenced by GPy.The library includes a variety of kernel functions,
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likelihood functions, and optimization methods for constructing and training Gaussian process regression models. Additionally,
GPFlow supports a range of advanced features such as automatic relevance determination (ARD), inducing point methods, and
Bayesian optimization. Overall, GPFlow is a powerful and flexible library for Gaussian process regression that can be particularly
useful for machine learning and data analysis tasks.

8.2.1 Features
Key features of the library:

1.Variational inference is employed as the main method of approximation to address the dual difficulties posed by non-conjugacy
and scale

2.Code that is relatively brief and utilizes automatic differentiation to alleviate the effort required for implementing gradients.
3.The capability to utilize GPU hardware for rapid computing, along with the principles of open-source software.

To create a model, first, the kernel is to be defined kernel = gpflow.kernels.(), creates an instance of any of the specified kernel.
GPflow implements the following kernels: Matern12, Matern32, Matern52, RBF (radial basis function), Constant, Linear, Cosing,
and Periodic. After the kernel is defined model = gpflow.models.GPR(data = (X,Y ),kernel = kernel,noise variance = 0.01) we are
create an instance of the Gaussian process regression (GPR) model. The data argument is a tuple containing the input data X (a
NumPy array of shape (n, d), where n is the number of data points and d is the number of input dimensions) and the output data Y
(a NumPy array of shape (n, 1)). The kernel argument is the covariance function used in the GPR model, which we previously
defined. The noise _variance argument is the variance of the Gaussian noise added to the output values to model measurement
noise or other sources of error in the data. This is typically estimated or set using domain knowledge.[15]

IX. Related Work

ESEm v1.0.0 is an open, scalable Earth System Emulator library, introduced by Duncan Watson-Parris [41], provides GP fitting,
using the open-source GPFlow[15], a machine learning library that supports the use of Graphical Processing Units(GPUs), which
as aforementioned, enhances the training time of GPs. In this paper, ESEm generates emulated response using GP emulation of
aerosol optical depth (AAOD) using a ’Bias + linear’ kernel for a specific set of parameters, and does an excellent job in reproducing
the spatial structure of AAOD and demonstrates reduced error.

Additionally, the use of GPR in climate emulation is discussed [23], for research modelling and predicting precipitation in the Hindu
Kush Karakoram Himalayan region. GPs are used because it provides a flexible and easily understandable method for analyzing
and forecasting precipitation patterns in this region, because it inherently provides a method for quantifying uncertainty in a
principled manner. Also, they allow us to choose from a wide range of priors, based on kernels that helps us in choosing a prior that
is more likely to make accurate predictions. By carefully defining the covariance kernel, we can incorporate specific characteristics
such as periodic patterns, smoothness, or variation across space into our predictions.

GPR is also utilized as a baseline emulator in ClimateBench[42], which is a bench-marking platform for climate and weather
models. Gaussian process regression is used to develop an emulator for a computationally expensive climate model. The emulator
is then used to generate a large ensemble of simulations, which enables the exploration of the model’s parameter space in a more
efficient and systematic manner.

X. CONCLUSION

As climate change continues to impact the Earth’s system, there is an increasing need for instruments and knowledge to develop
adaptation plans, vulnerability assessments, and resilience strategies. Fully coupled GCMs, or Earth System models, are the
benchmark for climate modelling but entail substantial computational costs. To address this, surrogates or emulators have been
introduced, with statistical surrogates being used for many years and deep learning models becoming more prominent due to the
availability of huge volumes of climate data. However, deep learning surrogates lack interpretability, can extrapolate values beyond
the training points, and cannot capture model uncertainty. Gaussian process regression (GPR) emerges as a viable candidate as it
uses a probabilistic approach to model the uncertainty estimates and can be improved with the use of composite kernels. The
implementation of GPR is facilitated by the availability of new libraries, such as GPFlow, built on TensorFlow. Advancements in
machine learning will enable higher accuracy and resolution in emulation techniques. GPR provides a promising approach for
improving our understanding of climate systems and developing effective climate adaptation and mitigation strategies.
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