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Abstract

The purpose of this thesis work is to give an overview of the most prominent and success-
ful machine learning models in the field of climate forecasts, to exhibit some of the most
important methods used in their implementation, and to showcase their performance
through the use of a few simple example models. We first go through the inner workings
of the LSTM and transformer models, highlighting their strengths and shortcomings.
We then go on to the data preprocessing phase, which in our case included the EOF
decomposition of our input fields, particularly the tropical sea surface temperature and
surface air temperature. We also list some practical methods useful during the training
process. Finally, we present the performance of our example LSTM and transformer

models.
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Introduction

When dealing with the climate system and in particular its evolution, we are mostly
dealing with physical laws that can be described by partial differential equations, like the
fundamental Navier-Stokes equations. Since these equations cannot be solved analyti-
cally, one needs to use approximations to solve the forecasting problem. From the first
onset of the computer, weather prediction models started to obtain valid solutions with
numerical methods, such as the finite differences method [1]. From those earliest years
much development has occurred, with the increase of computational power allowing for
extremely complex models, with a myriad of equations representing all kinds of physical,
biological, and even social processes that occur on Earth. Nevertheless, these models are

still fundamentally based on the same numerical methods used in the first forecasts.

In recent years, with the advent of big data, efficient supercomputers with Graphics
Processing Units (GPU), and scientific interest in emerging new methods [2], a new way
of solving the partial differential equations governing the climate system has emerged
through the use of deep learning, leveraging the universal approximation theorem [3],
which establishes that given a family of neural networks, for each function that we want
to approximate, there exists a sequence of neural networks from that family such that
the sequence converges to that function. In general, deep neural networks could ap-
proximate any high-dimensional function, provided sufficient training data are supplied.
Although many methods are known from the 1960s and have been examined in detail
in many studies since then, recent years, with unprecedented increases in data volume
and computer power, are seen as the golden era for artificial intelligence and machine
learning. For climate scientists, the most interesting group of techniques was found to

be supervised learning, with many thematic articles detailing various such methods and



their classification [4][5][6].

Today, a plethora of various neural network architectures have been developed, each
with its own strengths and caveats. Among these, a broad type of network is the feed-
forward neural network (FNNs), which are characterized by the uni-dimensional flow of
information between their layers. This means that the information runs through the
model only in one direction, forward through the hidden and output nodes without ever
having information going back through cycles or loops [7]. This type of network has
broad applications, but lacks a fundamental feature that makes it difficult to operate
our case study: Since these types of models can only process one input at a time and
produce an output, it is harder for them to capture patterns that arise in sequential data
and that drive this type of statistical forecast of a time series evolution [8]. Nevertheless,
some methods have been developed to make use of these types of networks in time series
forecasting, by using particular setups for the input data and hybridizing with other
methods [9][10].

An alternative to feedforward networks are recurrent neural networks (RNNs), which
have a bi-directional flow as they contain loops in their architecture that make it so that
a certain hidden state can be influenced by both current input and the previous hidden
state, essentially creating a form of memory [11]. This type of mechanism renders this

type of model very well suited to processing text, speech, and time series [12].

A more modern evolution of RNN is the Long Short-term memory model (LSTM) [13].
This type of architecture almost totally took over the standard RNNs by managing to
deal with their most glaring shortcoming, the vanishing gradient problem [14]. LSTMs
have found great success in the field of climate forecasting, especially on monthly to

seasonal time scales [15][16].

Recently, another particularly attractive machine learning architecture has emerged,
particularly when dealing with sequential inputs such as time series data: the transformer
model [17]. Transformers have achieved superior performances in many tasks in natural
language processing and computer vision, which also triggered great interest in the time
series community. Among the multiple advantages of Transformers, the ability to capture

long-range dependencies and interactions is especially attractive for time series modeling,



leading to exciting progress in various time series applications such as the field of climate

forecasting [18].

In this work, we take a look at the details behind the functioning of these neural
networks, with a focus on best practices to use both in general and in particular when
dealing with climate data. We also show examples of simple LSTM and transformer
models and their performance when dealing with the forecast of basic climate variables
such as sea surface temperature and surface air temperature. In particular, we will use

the statistical method of EOF decomposition to prepare our data.






Chapter 1

Data and Methods

1.1 LSTM Architecture

1.1.1 Recurrent Neural Networks

A Recurrent Neural Network (RNN) is a type of neural network that is able to
detect patterns in a sequence of data. We are interested in numerical time series, but
these sequences could also represent handwriting or genomes [8]. The main difference
between Recurrent Neural Networks and Feedforward Neural Networks, or Multi-Layer
Perceptrons (MLPs), lies in the way information gets passed through the network. RNNs
have cycles, and they transmit information back into themselves, allowing them to extend
the functionality of Feedforward Neural Networks to also include not only the current
input, but also previous ones. At a high level this difference can be visualized in figure
1.1. We can describe this process through the use of mathematical notation [19]. For
that, we denote the hidden state and the input at time step t respectively as H; and
X;. Further, we use a weight matrix W, a hidden-state-to-hidden-state matrix Wy,
a bias by and an activation function ¢. Putting them together we get the equations for

the hidden variables and the output variable.

H, = ¢n(XiWan + Hi-i Wiy, + by) (1.1)
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Ot - Qbo(HtWho + bo) (1'2)

Since H; recursively includes H;_; the RNN includes traces of all the hidden states
that preceded H;_; as well as H;_; itself.

If we compare these equations with one made with similar notation for Feedforward
Neural Networks we can clearly notice the differences between the two as described

earlier.

H = ¢,(XW_;, + by) (1.3)
O = ¢,(HW}, + b,) (1.4)
Output O Output O¢
T Whn Whn T |
Hidden Layer H Hidden Layer H;
Wi
T th th T T
Input X Input X;

Figure 1.1: Visualisation of differences between Feedforward NNs (left) and Recurrent NNs
(right). The option of having multiple hidden layers is aggregated into the H block [8].

1.1.2 LSTM

One problem with standard RNNs consists in not being able to handle long sequences
correctly. This is due to the fact that back-propagated error signals tend to shrink or
grow at every time step, so that over many cycles the error typically vanishes or blows
up [20]. With a vanishing error learning takes an extremely long amount of time, or

may not even work at all, while blown-up errors lead to oscillating weights and unstable
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learning. A Long Short-Term Memory (LSTM) [13] is a method that addresses this
vanishing gradient problem, being explicitly designed to retain long term dependencies.
LSTMs, like standard RNNs, have a chain of repeating modules of neural network, but
instead of having a single neural network layer there are four, interacting in a particular

way (figure 1.2).

The core innovation of LSTMs is the introduction of the cell state [21]. It runs through
the entire sequence with only some minor linear interaction, allowing the network to
preserve information over many time steps since it is easy for the information to flow
along unchanged. The LSTM has the ability to remove or add information to the cell

state through structures called gates, which regulate what information can pass through.

The self connection of a basic LSTM network would have a fixed weight set to "1’ to
preserve the cell state over time. Unfortunately, the cell states C; tend to grow linearly
with the progression of a time series during a continuous input stream [20]. This way the
cell loses its memorizing capability, and tends to function like an ordinary RNN network
neuron. To address this problem we can attach a forget gate to the self connection [22].
Forget gates can learn to reset the state of the cell when stored information is no longer
needed, basically deciding how much information needs to be retained or thrown away
from the previous time steps. It consists of a sigmoid layer that takes as input h;_; and
x; and outputs a number between 0 and 1 to multiply to each number in the cell state

C,_1. This way a number multiplied by 0 would be completely canceled or ”forgotten”.

f, = o(W[hy_1,x,] + by) (1.5)

The next step consists in deciding what new information is going to be stored in the
cell state. To achieve this, first a sigmoid layer called the input gate decides which values
to update. Next, a tanh layer generates new values C, that may be added to the cell

state.

i, = o(Wilh,_,x,] + b;) (1.6)

Ct = tanh(Wc[ht_l, Xt] + bo) (17)
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Figure 1.2: Visualization of the repeating module of the standard LSTM architecture, con-

taining the four interacting layers and the connections to previous and successive modules [21].

Now we can update the cell state by multiplying the old state by f;, forgetting what
was decided earlier, and adding the new values C, scaled by the values that the input

gate i; decided to update.

Ct = ft * Ct—l -+ it * Ct (18)

Finally, we need the output h; of the whole module. We push the cell state through
a tanh layer to get values between -1 and 1, and then multiply it by one last sigmoid

function, the output gate.

0, = U(Wo[ht—la Xt] + bo) (19)

h; = o, * tanh(C;) (1.10)

We can initialize the bias weights of input and output gates with negative values, and
the weights of the forget gate with positive ones. This way at the beginning of training
the forget gate activation will be close to "1, preventing the memory cell from starting

to forget right away, before even learning anything.
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1.2 Transformer Architecture

A transformer is a deep neural network that makes use a self attention mechanism
to comprehend relationships within sequential data. Interest in this model first sparked
in the field of Natural Language Processing (NLP), but as for other neural network
models capable of sequential data processing such as LSTM, the application to time series
prediction is a natural evolution. Transformers excel in handling long dependencies, and
are more tailored to do so even than modern versions of RNNs such as the LSTM. As
we discussed LSTMs already managed to solve underlying problems of the more general
RNNs, especially for the gradient problems that relegated previous models to working
with short sequences only. However, LSTMs still struggle with processing long sequences,
which hinders the extraction of the actual long term patterns [23]. Transformers are a
type of deep neural network (DNN) that aims to offer a solution to some limitations
of sequence-to-sequence architectures. In particular, they tackle the problem with long
sequences and the sequential processing of inputs, that hinders the possibility of parallel
training of the networks. Different from traditional recurrent methods, they manage
to learn from an entire segment of a sequence through the use of the multi-head self-
attention. Moreover, they end up being faster than other counterparts when dealing with
large inputs since they can work in parallel, managing to utilize the full computational

potential of Graphical Processing Units (GPUs).

Since the conception of the original transformer in 2017 [17] many different models
have been developed from it, with some of them drastically changing its base structure.
This means that the performance of transformer based models and the task they are
suitable to tackle can vary significantly depending on the specific architecture employed.
Nevertheless, the key components of transformer models is the self-attention mechanism,

which is essential to their functionality.

1.2.1 Attention Mechanism

The basis of the transformer model consists in finding associations or relationships

between different segments within the same input sequence. Let {x;}_; be a set of data
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points of length n in a single sequence. The self-attention operation is basically the
weighted dot product of the input vectors x; with each others [24] . We can actually
divide this operation in two steps. The first one consists in computing the normalized dot
product between all pairs of data points within the input sequence. The normalization
is achieved through a softmax operator, which makes it so that given a certain set of
numbers, the outputs will sum up to the unity value. These normalized correlations wj;

are computed between the input x; and all other input vectors x; with j =1,...,n:

k‘ K3
with Z?Zl w;; = 1 and 1 < 4,7 < n. Then we compute a new representation z; for

each input segment x; by doing a weighted sum of all inputs:

n n

z;, = Z Wi X; = Z softmax(x] x;)x;. (1.12)
j=1 j=1

In actuality the self attention operation is not applied directly onto the inputs {x;}!;,

but to three different vectors obtained as linearly weighted vectors from the inputs.

These vectors are the query q, the key k and the value v. For a certain input they can

be computed as:

q; = qui; kz = WkXi, V; = W'L)Xi; (113)

where W,, W), and W, represent learnable weight matrices. The outputs {z;}}", are
computed similarly to equation 1.12, but with these three new vectors substituting each
instance of the input x. A visualization of the self attention process can be seen on the
right of figure 1.3. Moreover, since the softmax operator is sensitive to large values, we

scale the attention weights by the square root of the size of the vectors d:

z; = zn:SOftmax(qiTkj)v- (1.14)
(2 VR .
j=1 vd

Since the input data can contain many different levels of correlation between the
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Figure 1.3: On the left the general structure of the Multi-head attention operation, with
several attention layers running in parallel. On the right the detailed structure of a single
Scaled Dot-Product Attention [23].

various data points, transformers benefit from multiple self-attention heads. These dif-
ferent heads operate on the same input in parallel and utilize different learnable weights
Wy, Wi, and W,,. In this way the model can manage to extract several distinct levels of
correlation between the input data. The operations that are involved in this " multi-head
self-attention” [23] are schematized in figure 1.3. We basically take a fixed number of
queries, keys and values and run them all in parallel through the scaled dot product
operations. Then, we concatenate all the outputs z from all the heads, and lastly we
linearly combine them using a final learnable weight matrix W,. We remark that at the

end of this process the dimension of the input X an the output Z are the same.
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1.2.2 Decoder-Encoder Mechanism

The self-attention mechanism is the fundamental building block of the transformer

architecture, but now we get to include it in a bigger structure as in figure 1.4.

The first block is called the encoder. It consists of a multi-head self-attention layer
followed by a feed-forward layer, linked by residual connections and normalization layers.
When training deep neural networks, residual connections and normalization layers are
widely used since they help with training stabilization [25] and lead to faster convergence
of the model [26].

The second block is the decoder, which contains similar operations and layers to the
encoder. However, a decoder block receives two inputs. One input is the target sequence,
but ”shifted right” by one position, with the purpose of masking the future prediction
at each time step and avoid future information to spill into the prediction process. The
second input is just the output of the previous encoder. Inside the decoder there are three
layers. They consist in a multi-head self-attention, an encoder-decoder attention layer,
and a feed-forward layer. The novelty with respect to an encoder is found in the second
layer, which is a multi-head attention layer where the key and value are produced from
the output of the last encoder and the query is created from the output of the preceding
self-attention layer. Just like for the encoder, residual connection and normalization

layers are included.

1.2.3 Positional Embedding

Since we are dealing with sequential data and the self-attention processes do not
include information on the order of the input data in the given sequence, we need to
somehow include that information. Transformers make use of positional encoding (PE)
to be able to retain positional information for the inputs and meanwhile being able to
process the modified input in parallel. This is in contrast to how RNNs work, since they
intrinsically include sequential information by proceeding one step at the time in order
along the sequence. Positional encoding works by calculating n PE vectors that do not

include any learnable parameters, and adding them to the inputs {x;}! ; before going
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Figure 1.4: Transformer architecture, comprising the encoder and decoder blocks, with their

respective internal structures and connections [23].

through the rest of the model as seen in figure 1.4. For the original transformer model

[17] a sinusoidal function was used to compute the PE vectors.
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1.3 Data Preprocessing

1.3.1 ERAS5 Dataset

The data that was used throughout this work comes from the ERAS reanalysis dataset
from ECMWF . A reanalysis is a collection of past climatic variables created by merg-
ing simulated model states with historical observational data, using data assimilation
to create a physically consistent new dataset. Reanalyses in Climate science give us
extremely valuable data sources on the past states of components of the Earth system,
like the atmosphere and ocean [27]. Reanalyses find themselves in many applications in
Earth system sciences, from gauging progress in modelling and assimilation capabilities,

to obtaining state-of-the-art climatologies to evaluate forecast-error anomalies [28].

The spatial grid resolution of the ERAS global dataset is of 31 km for the horizontal
coordinates, but it is available on regular latitude-longitude grids at 0.25° x 0.25° reso-
lution. Vertically it has 137 pressure levels. Regarding the temporal dimension, it has a
resolution of 1 hour, from 1940 to the present day. In this work we make use of only the
variable regarding sea surface temperature (SST), so we do not utilize the vertical levels.
We also only use monthly mean data instead of the full hourly case, since we focus on
seasonal forecasts. However, we do use the full horizontal resolution of 0.25° x 0.25° of

latitude-longitude.

1.3.2 EOF Analysis

The datasets we used use as input of our machine learning models are not the raw
variables taken the from ERADH reanalysis. We first apply Empirical orthogonal function
analysis (EOF), which is a statistical tool that is used to identify spatial patterns of
climate variability and how they change with time. In particular each EOF represents
a spatial pattern that is orthogonal to all the others, with each one of them having an
associated time series describing the evolution of that particular pattern through time
[29].

To obtain the EOFs, we first need the de-trended anomaly of the data. To obtain the
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anomaly we take the climatology of our variable, which is the mean of monthly values
over the full time period, and subtract it from the full field. This way we are excluding
from our analysis seasonal variability. To de-trend the data we compute the linear trend
of our variable over the time period and then subtract its effect. Moreover, we can divide
by the standard deviation of each point so that they all have unit variance. When we have
the de-trended anomaly of our variable we compress the 3D field into a 2-dimensional
one. We do this by collapsing the two spatial dimensions into one and obtaining a matrix
7 in which each column represents all the points at a single time step and each row is
the whole time series for a single point in space. Then ZZ7T will be a covariance matrix
for which we will solve an eigenvalue problem. Since this is a symmetrical matrix we get
an orthogonal basis of eigenvectors which are our EOFs, while the associated eigenvalues
represent the variance explained by each EOF. Each EOF represents a spatial mode of
variability for the variable in question, with no information on how it evolves through
time. If we sort the eigenvalues in descending order we can arrange the EOFs from most
variance explained to least, so that the first EOF will always be the most important
mode of variability. If we then project the full field onto this orthogonal basis we obtain
the Principal Components (PCs), which represent the time series associated with each

EOF and describe how the amplitude of each mode changes over time (figure 1.5).

This statistical method is first and foremost extremely useful in identifying the most
important spatial patterns in climate variability, since by just looking at the first few
EOFs, which contain most of the variance, one can get a sense of how our variable is
varying in space. Moreover, it is a phenomenal method of data compression, since most
of the variance will be explained by the first N EOF's, where N will be much smaller than
the number of time steps, e.g. N~20 if we are talking about an atmospheric variable.
So to get the full field you just need to store N 2-dimensional spatial maps and N time
series, instead of the full 3-dimensional field. Then, one can always recreate the full field
by:

Field(z,t) = i EOF(z); x PC(t); (1.15)
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Figure 1.5: Visualization of EOF decomposition process. The data starts as a 3-dimensional
field, and is compressed into a series of N 2-dimensional EOFs with their associated 1-

dimensional time series [30].

1.3.3 Data Splitting and Sequencing

After having extracted EOFs and PCs from our variables, we can prepare the data to
go into our machine learning models. Our aim is to use these models to make time-series
forecasts, so to predict the value of our climate variable in the future. Since we care
about time evolution we can leave behind the actual EOFs and take through our models
only the respective time series, the PCs. So our models will be trained via supervised
learning only on the PCs, and will learn to predict the time steps following a given input
sequence. By excluding all the spatial data, the inputs of the models result much smaller
in size, greatly increasing computational efficiency without compromising accuracy, since
at the end we can reconstruct the full field by simply combining the forecast time series

with the EOFs computed before by using equation 1.15.

If we were using all the obtained modes the reconstruction would be exact, but we
actually wouldn’t gain anything in terms of computational efficiency. The strength of
this method lies in the fact that we can retain a much smaller number of EOF's, while

still explaining most of the variance. In particular, the number of retained modes will
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correspond to the number of features of our datasets.

We then split the data into the training, validation, and testing sets, with a typical
distribution of 80%/10%/10%. Note that to avoid future contamination of our data for
the forecasting, the EOF decomposition was obtained by excluding the testing time frame
from the calculations. The data in each set is then organized into sequences, where the
sequence length is one of the hyperparameters of our model. Specifically, we retain source
sequences that will serve as the input to our models and associated target sequences that
refer to the following months, which the model will forecast. Both the number of features
and the sequence length may vary between input and output sequences. We finally divide
the data into batches, allowing the model to process the data bit by bit and reducing
memory usage, while also allowing to leverage parallel processing. Using smaller batches
is also a key in stochastic gradient descent, since computing the gradient on each batch
introduces some noise into the learning process, which can help the model generalize

better by avoiding local minima.

1.4 Training Process

After the data preprocessing phase is complete we can initialize our model and start
with the training process. The weights and biases are initialized with a simple uniform
distribution centered around 0, and limited to small numbers to avoid exploding gradient
problems. Then we start to feed our input data to the network. For each input sequence
in the training dataset the model will generate a prediction for the time step following the
last one of the sequence. A loss value will typically be computed by deriving the Mean
Square Error value (MSE) between the output time step and the target one, though other
loss functions can also be used. Then the models computes the gradients of the loss with
respect to the weights and biases using the technique of backpropagation through time
(BPTT). This method propagates the gradients backward through the sequence of time
steps.
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1.4.1 Optimizer

Once the gradients are computed we get to actually update the parameters, both
weights and biases, of our model. A simple yet effective update method, or optimizer
method, is the Stochastic Gradient Descent (SGD). According to SGD we can update
the parameters 6 at each iteration by just following the gradient scaled by the step size
or learning rate «a, until we get to a minimum of the Loss function f, as can be seen in
figure 1.6.

gt—‘,—l = Qt - OéVf(et) (116)
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Figure 1.6: Example of a Stochastic Gradient Descent path for a 2-d parameters vector.
The black arrow indicates the values of the parameters that get gradually updated during
the training process. The process stops when they reach the values that correspond to the

minimum of the loss function [31].

However, when working with deep learning models Stochastic Gradient Descent may
not be the optimal choice. Another popular algorithm in the field of deep learning is
Adam [32]. SGD has only a single learning rate value for all weight updates, and this

learning rate does not change during training. Adam, on the other hand, computes
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individual adaptive learning rates for all the various parameters, and they are adapted
as the learning progress unfolds [33]. In particular, the parameter learning rates are
updated based on the values of both the average first moment of the gradient, or the

mean, and the average of the second moment of the gradient, the uncentered variance.
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For a standard Adam algorithm (appendix 1), a weight decay is implemented with

0t+1 = (9t — Q- (117)

an L2 regularization term. In general, weight decay is a regularization method used to
prevent overfitting and to improve the generalization of models. Its aim is to penalize
excessively large weights, and it does so by adding a penalty term to the loss function,
effectively reducing the magnitude of weights over time. With an L2 regularization term
the new loss function would be like equation 1.18, where ||f||? is the L2 norm of the

weights and A is the factor of the weight decay.

Lnew(0) = L(0) + A - [10]]* (1.18)

The L2 regularization used by Adam is intrinsically tied to the learning rate. It has
been demonstrated that by decoupling the weight decay from the gradient update and
applying the decay directly to the weights substantially improves Adam generalization
performance [34]. We can notice that the update equation (1.19) for this new algorithm
is essentially the same as equation 1.17 with the addition of the weight decay factor.
This new algorithm takes the name of AdamW (appendix 2), and is generally preferred

to standard Adam when weight decay would be used.

A~
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0t+1 = Ht — - ( + A9t> (]_]_9)
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1.4.2 Scheduler and Gradient Clipping

We also take some other precautions during the training process to avoid stability

issues, like using a learning rate scheduler and gradient clipping.
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A learning rate scheduler is a method that generally makes it so the learning rate
can be gradually lowered during the training process. This has the aim to make the
model make large updates at the beginning of learning, when the parameters are far
from their optimized values, and consequently make smaller updates later, allowing for
more stability and fine-tuning in the last steps of reaching the optimal solution [35].
In particular, we use a method from pytorch called ”ReduceLROnPlateau” [36]. This
method applies a step decay, so it reduces the learning rate by a given factor, when
a monitored value stops improving for a specified number of epochs. In our case the

monitored value is the training loss.

Gradient clipping is another way of directly addressing the problem with exploding
gradients, in addition to weight decay which also helps. The objective function, espe-
cially for very deep networks or RNNs, may often contain big non-linearities. These
non-linearities will make it so that some regions in the parameter space have very high
derivatives. When during training the parameters get close to these regions, following
the gradient during the update phase may bring the new values of the parameters very
far, possibly even losing most of the learning progress that was done up to that point.
When applying gradient clipping, the error derivative the error derivative during back-
propagation is tied to a certain threshold, and this clipped variant is used to update the
weights. This method helps the model during gradient descent when in the vicinity of
extremely steep cliffs, limiting the model’s reaction to the extreme gradient and avoiding
being flung away from the solution like in figure 1.7. In particular, we use the pytorch
method ”clip_grad norm_” that limits the gradient’s norm to a set value. If the norm
surpasses this value, then the gradients will be proportionally rescaled until their norm

is within the specified maximum value.

1.4.3 Dropout

As we already discussed, large neural networks with relatively small training datasets
may result in overfitting, for example by learning the statistical noise in the training
data, resulting in poor performance when encountering new data. In theory, the best

way to regularize a model would be to average the predictions of all neural networks with
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Figure 1.7: The error surface of a single hidden unit of a recurrent network is plotted, the
highlight being the presence of a very steep wall. The solid blue line represents a standard
trajectory that the gradient descent may follow after encountering the cliff. The dashed line

shows a possible trajectory that would be followed if gradient clipping is applied [37].

all the the possible settings of the parameters, weighting each setting by its posterior
probability computed on the training data [38]. This would be obviously possible only
with unlimited computing power. An alternative is to use not an unlimited number
of models but an ensemble. This approach can work, but it still requires a very large
amount of computational power to store and train all the models in the ensemble if they

are large.

This is where dropout comes in. Dropout can be seen as an approximation this
ensemble training process. It operates by temporarily removing, or ”"dropping out”, a
random unit from the network, along with all its connections both incoming and outgoing
(figure 1.8). In practice, using dropout during a training process of a neural network is
like sampling a thinned version of it, consisting in all the units that survived dropout
[38]. For each training case a new thinned network is sampled, and the training happens
only on this sampled one. So training a neural network with dropout can be seen as

training a collection of thinned networks that extensively share weights, but where each
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thinned network learns very rarely or even never. Once training is complete, to get
a prediction during the testing phase the most direct way would be to average the
predictions from all the thinned models. Since this is not computationally feasible we
use a simple approximation of the averaging method. We use a single neural network
without dropout, whose weights are scaled down versions of the weights obtained during
the training phase. The weights get simply multiplied by the probability of being retained
of their unit. This way the expected output of a hidden unit is the same as the actual

output during testing.
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Figure 1.8: A schematic visualization of the process of dropout on a neural network. On the
left (a) we see a standard network with all its neurons always connected. Meanwhile on the
right (b) we see an example of what happens to the network after dropout is applied, with
several connections being cut, effectively removing those neurons from the network for that
step [38].

1.4.4 Validation Phase

After a full epoch of training is passed, and the mean loss is computed for all the

samples in the training dataset, we go on to the validation step. This step is basically
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composed by a stripped down version of the training process. The model goes through
all the sequences in the validation dataset, computing the prediction for the time step
following the sequence, and then calculating the loss versus the target value. During this
phase we turn off all gradient computations to speed up the process. The gradients are
not needed since now we are no longer updating the parameters of the model. We also

save the mean validation loss for each epoch.

We can compare the values of the loss for the training and for the validation steps
to check model performance throughout the whole process. If the model is working as
intended we of course expect the training loss to go down with each epoch until it reaches
a low value, since in theory with time the model should be able to learn to represent
the data that was feed into it for the supervised learning process. However, since the
model could not learn from the validation data, the comparison between the two losses
gives us already a measure on how well the model is able to generalize throughout the
epochs. The training process may go on until a maximum number of epochs is reached,
but in reality we can make it so it never reaches that point by using an ” Early stopping”
function. This method simply checks the current mean validation loss, and if this value
stays the same or even begins to grow for a certain fixed number of epochs, then it stops
the training process. In this way, we can avoid cases in which the model learns better
and better how to represent the training data, signified by a continuing decrease in the
training loss, but gets worse at generalizing to other data. This is one of the various

ways in which we limit overfitting.






Chapter 2

Results

We now show the outputs of the models and the skill of their forecasts. The main focus
will be put on the sea surface temperature (SST) variable, as it is the most important
variable that alone can help us study and predict climate patterns at seasonal time
scales. This is because sea surface temperature and generally oceanic variables vary
with longer periods with respect to atmospheric ones. In particular, in the former case
the timescale is on the order of months, while in the latter it is more on the order of
weeks. Moreover, sea surface temperature influences the air temperature and in general
the whole circulation pattern above it, with seasonal variations in air temperature often

being just the result of interactions with the ocean.

We also put a focus on the tropical region, as extending the forecast to the whole
globe with a method such as this would yield very imprecise results, and it was not the
focus of the experiment. We even take a look at the forecast for the tropical Pacific

region only, to show a case with less noisy data.

27



CHAPTER 2. RESULTS 28

2.1 Obtaining the Forecast

2.1.1 Greedy Inference

Once the model is trained we can test its skill for seasonal forecasts. The model was
trained to minimize the loss for the prediction of a single month in the future, but that
does not mean we cannot utilize it for forecasting longer times. We apply the concept
of ”Greedy inference”. It consists in firstly letting the model run on an input sequence
and predict the following time step. Then we update the input sequence by dropping
the first value and adding the predicted one at the end of the sequence. This way we
have a sequence of the same length but shifted one time step in the future, where the
last time step is the forecast one, and all the others are still from the input data. We
can theoretically apply this step as many times as we want, each time dropping an input
time step and adding a predicted one, but of course the accuracy of the prediction will
drop as we keep going, as the errors on each prediction will progressively stack up. We
will choose a certain forecast window to test our data, and since we are interested in
seasonal forecasts the window may be a few months long, but generally less than one

year.

2.1.2 Recomposition and Testing

During the data pre-processing phase we applied EOF decomposition. This means
that throughout the training and prediction phases the data that went through the model
were just the time series, or the Principal Components. This basically means the models
did not learn anything about the spatial patterns of the variables in question directly. To
obtain the full field of our forecast variable we still need to combine the output sequences
with their respective EOF's that contain the spatial information. The re-composition is
simply computed through equation 1.15, with the number of retained features influencing

the accuracy of the reconstruction.

To test the accuracy of the forecast we need to compare it with the test data. We

make the comparison by using two somewhat exchangeable metrics. The first one consists
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in computing the root mean square error (RMSE) of the residuals between the forecast
values and the observed ones across all spatial points. The second one is the correlation
between the two fields. Both of these metrics are not averaged over the prediction time
window, but are instead computed separately for each time step, and we store these

result to compare the evolution of the skill of the forecast for longer prediction times.

2.2 LSTM

The learnable parameters of the model get optimized and assigned naturally during
the training process of a neural network. However there are plenty of so-called hyperpa-
rameters, many of which were already presented in chapter 1, that have to be manually
assigned by the user before the model enters training and are then fixed. This means we
have to train and test the models with a variety of choices for these hyperparameters,
and then manually decide what are the optimal values for each one of them. This opti-
mization process is called tuning. We now illustrate the outputs and skills of our LSTM

model for a variety of values for some hyperparameters.

2.2.1 Tropical SST

We now take a look at the evolution of the loss value during the training process
and at the skill of the forecasts for the tropical sea surface temperature, with various
choices of some hyperparameters of the model. In figure 2.1 we can see how the model
performs with different values of the number of features. In our case the number of
features corresponds to the number of EOFs retained during the data pre-processing
step as discussed in section 1.3.2. Switching at the second plot, we can see the skill
of the prediction with respect to the full field, represented by both the RMSE and the
correlation. The skill of the model is compared to the skill of the simplest forecast, the
persistence, that consists in taking the value of the last time step as the prediction for
the next one, and then all the future ones. On the third picture we see the skill of the
forecasts not against the full field but only on the reconstruction with the respective

number of features.
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Choosing a number of features equal to 10, various other iterations of the model went
through the tuning process focusing on a variety of other hyperparameters. In figures
2.2 and 2.3 we see some examples dealing with the complexity of the model. In the first
case we show the tuning process of the dimension of the hidden layer of the model, and

in the second case the number of layers.

2.2.2 Pacific SST

The previous section dealt with the sea surface temperature of the tropics of the
whole world, while here we focus only on the tropical Pacific. This region still captures
El Nino, the most important climate mode and the one that appears in the first few
EOFs, and discards other regions that tend to add a lot of noise. In figures 2.4 and 2.5
we can see the loss and skill values pertaining to the number of features and dimension

of the hidden state for a model trained on the Pacific region only.

2.2.3 Tropical T2M

We now take a look at how the model performs with a different variable, the air tem-
perature at 2 meters above the surface. It is meant to represent surface air temperature,
while avoiding a part of the interference with the ground due to turbulence and heat
fluxes. In figures 2.6, 2.7 and 2.8 we can see the outcome of the tuning processes of some
hyperparameters as seen in the previous sections. They show respectively the tuning of

the number of sequences, the dimension of the hidden state and the number of layers.

2.2.4 T2M over Sea

In this section we show the output of the model with a modified version of the
temperature 2 meters above the surface. In particular, we masked the field over land,
effectively making this variable represents the air temperature only above the ocean,
discarding the rest. In figure 2.9 we can see the loss and skill of the model when trained

to forecast this variable, with a varying number of features
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2.3 Transformer

The transformer model also went through similar testing scenarios and tuning process.
In figures 2.10, 2.11 and 2.12 we can see the loss and skill of the model for the standard
utilized dataset, so for a forecast of the sea surface temperature of the whole tropics.
The model complexity of transformers depends on different parameters to those of the
LSTM. In these plots we show the performance of the model with different values for
the number of heads of the Multi-head attention mechanism, and the hidden dimension,
which is the dimension of both the input and output vectors of the encoder and decoder.
The hidden dimension divided by the number of heads represents the dimension of each

single head of attention.
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Figure 2.1: Loss values and forecast skill of the LSTM for the tropical sea surface temperature.
(a) The plot shows the training and validation loss values, with each color representing a
different number of features and the top line for each color representing the validation loss,
while the bottom line represents training loss; the x axis shows the epoch reached during
training. (b) The plots show the skill of the forecast, compared against the full original field.
For the solid lines each color represents a different number of features, while the dashed line
shows the skill of the persistence. The plot on the top shows the RMSE, while the one on
the bottom the correlation. The x axis represents the number of time steps in the future with
respect to the input sequence for the given forecast. (c¢) The plots again show the skill of
the forecast, but it is compared against the field reconstructed with the respective number of

features instead of the full field.
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Figure 2.2: Loss values and forecast skill of the LSTM for the tropical sea surface temperature.
(a) The plot shows the training and validation loss values, with each color representing a
different hidden dimension and the top line for each color representing the validation loss,
while the bottom line represents training loss; the x axis shows the epoch reached during
training. (b) The plots show the skill of the forecast, compared against the full original field.
For the solid lines each color represents a different hidden dimension, while the dashed line
shows the skill of the persistence. The plot on the top shows the RMSE, while the one on
the bottom the correlation. The x axis represents the number of time steps in the future with

respect to the input sequence for the given forecast.
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Figure 2.3: Loss values and forecast skill of the LSTM for the tropical sea surface temperature.
(a) The plot shows the training and validation loss values, with each color representing a
different number of layers and the top line for each color representing the validation loss, while
the bottom line represents training loss; the x axis shows the epoch reached during training.
(b) The plots show the skill of the forecast, compared against the full original field. For the
solid lines each color represents a different number of layers, while the dashed line shows the
skill of the persistence. The plot on the top shows the RMSE, while the one on the bottom the
correlation. The x axis represents the number of time steps in the future with respect to the

input sequence for the given forecast.
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Figure 2.4: Loss values and forecast skill of the LSTM for the tropical Pacific sea surface

temperature. (a) The plot shows the training and validation loss values, with each color

representing a different number of features and the top line for each color representing the

validation loss, while the bottom line represents training loss; the x axis shows the epoch

reached during training. (b) The plots show the skill of the forecast, compared against the full

original field. For the solid lines each color represents a different number of features, while the

dashed line shows the skill of the persistence. The plot on the top shows the RMSE, while

the one on the bottom the correlation. The x axis represents the number of time steps in the

future with respect to the input sequence for the given forecast.
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Figure 2.5: Loss values and forecast skill of the LSTM for the tropical Pacific sea surface

temperature.

(a) The plot shows the training and validation loss values, with each color

representing a different hidden dimension and the top line for each color representing the

validation loss, while the bottom line represents training loss; the x axis shows the epoch

reached during training. (b) The plots show the skill of the forecast, compared against the full

original field. For the solid lines each color represents a different hidden dimension, while the

dashed line shows the skill of the persistence. The plot on the top shows the RMSE, while

the one on the bottom the correlation. The x axis represents the number of time steps in the

future with respect to the input sequence for the given forecast.
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Figure 2.6: Loss values and forecast skill of the LSTM for the tropical surface air temperature.

(a) The plot shows the training and validation loss values, with each color representing a

different number of features and the top line for each color representing the validation loss,

while the bottom line represents training loss; the x axis shows the epoch reached during

training. (b) The plots show the skill of the forecast, compared against the full original field.

For the solid lines each color represents a different number of features, while the dashed line

shows the skill of the persistence. The plot on the top shows the RMSE, while the one on

the bottom the correlation. The x axis represents the number of time steps in the future with

respect to the input sequence for the given forecast.
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Figure 2.7: Loss values and forecast skill of the LSTM for the tropical surface air temperature.

(a) The plot shows the training and validation loss values, with each color representing a

different hidden dimension and the top line for each color representing the validation loss,

while the bottom line represents training loss; the x axis shows the epoch reached during

training. (b) The plots show the skill of the forecast, compared against the full original field.

For the solid lines each color represents a different hidden dimension, while the dashed line

shows the skill of the persistence. The plot on the top shows the RMSE, while the one on

the bottom the correlation. The x axis represents the number of time steps in the future with

respect to the input sequence for the given forecast.
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Figure 2.8: Loss values and forecast skill of the LSTM for the tropical surface air temperature.
(a) The plot shows the training and validation loss values, with each color representing a
different number of layers and the top line for each color representing the validation loss, while
the bottom line represents training loss; the x axis shows the epoch reached during training.
(b) The plots show the skill of the forecast, compared against the full original field. For the
solid lines each color represents a different number of layers, while the dashed line shows the
skill of the persistence. The plot on the top shows the RMSE, while the one on the bottom the
correlation. The x axis represents the number of time steps in the future with respect to the

input sequence for the given forecast.
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Figure 2.9: Loss values and forecast skill of the LSTM for the tropical surface air temperature
over the ocean. (a) The plot shows the training and validation loss values, with each color
representing a different number of features and the top line for each color representing the
validation loss, while the bottom line represents training loss; the x axis shows the epoch
reached during training. (b) The plots show the skill of the forecast, compared against the full
original field. For the solid lines each color represents a different number of features, while the
dashed line shows the skill of the persistence. The plot on the top shows the RMSE, while
the one on the bottom the correlation. The x axis represents the number of time steps in the

future with respect to the input sequence for the given forecast.
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Figure 2.10: Loss values and forecast skill of the transformer model for the tropical sea
surface temperature. (a) The plot shows the training and validation loss values, with each
color representing a different number of features and the top line for each color representing
the validation loss, while the bottom line represents training loss; the x axis shows the epoch
reached during training. (b) The plots show the skill of the forecast, compared against the full
original field. For the solid lines each color represents a different number of features, while the
dashed line shows the skill of the persistence. The plot on the top shows the RMSE, while
the one on the bottom the correlation. The x axis represents the number of time steps in the

future with respect to the input sequence for the given forecast.
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Figure 2.11: Loss values and forecast skill of the transformer model for the tropical sea

surface temperature. (a) The plot shows the training and validation loss values, with each

color representing a different hidden dimension and the top line for each color representing

the validation loss, while the bottom line represents training loss; the x axis shows the epoch

reached during training. (b) The plots show the skill of the forecast, compared against the full

original field. For the solid lines each color represents a different hidden dimension, while the

dashed line shows the skill of the persistence. The plot on the top shows the RMSE, while

the one on the bottom the correlation. The x axis represents the number of time steps in the

future with respect to the input sequence for the given forecast.
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Figure 2.12: Loss values and forecast skill of the transformer model for the tropical sea
surface temperature. (a) The plot shows the training and validation loss values, with each
color representing a different number of heads and the top line for each color representing
the validation loss, while the bottom line represents training loss; the x axis shows the epoch
reached during training. (b) The plots show the skill of the forecast, compared against the full
original field. For the solid lines each color represents a different number of heads, while the
dashed line shows the skill of the persistence. The plot on the top shows the RMSE, while
the one on the bottom the correlation. The x axis represents the number of time steps in the

future with respect to the input sequence for the given forecast.






Chapter 3

Discussion

3.1 LSTM

3.1.1 Sea Surface Temperature

We now focus on how the model deals with the number of retained EOFs, or the
number of features used. Tracking how the model manages EOF is crucial, since this
statistical decomposition is the fundamental process that we applied to the original data,
and leaves the model to deal with inputs that are completely different in structure and

meaning to what the full original dataset was.

We can go back to figure 2.1 to understand how the model forecast is influenced by
this process. If we take a look at the evolution of the values of the loss during training,
we can see that they starkly decrease when the number of features is lower. This is to
be expected since having less features directly implies there is less to learn so we expect
a lower error. But, since we ultimately want a good forecast for the original variable,
we also have to remember that retaining less EOFs means we are looking at a lower
fraction of the total variance of the full field. So being better at predicting the time
series evolution of the first few PCs, does not necessarily contribute to better general
results. In particular, these are the chosen test values for the number of features and

their respective explained variance for the tropical sea surface temperature case:
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Number of features Explained variance

) 43%
10 55%
15 63%
25 72%

This means that even with a perfect prediction, reconstructing the field from only 5
EOFs would only result in a description of 43% of the full initial field. So even if the
loss for the lowest number of features is low, it does not mean that the forecast will be
the most accurate. Nevertheless, we can see that at 25 features the model has a bigger
problem with overfitting, as the validation and training loss diverge significantly from

one another. It is actually the 10 features case the one where the two losses are closest.

It is not that surprising to see a high accuracy for the first time step of the persis-
tence, since in climatology the sea surface temperature is known to have a long timescale
of variability, and it is normal to see it not change much in a single month. Moreover,
the persistence takes into account the full field as its starting point, while the forecast
will be at an inherent disadvantage due to the variability lost during the EOF process.
Nevertheless, we can see that at longer prediction times the model overtakes the persis-
tence. When comparing the various number of features between them, we can see that
even if the one with 5 retained EOFs has lower loss than the others, it happens to have
the lowest skill, meaning that the retained variance is too small to accurately describe
the full field. Moreover, we can see that the others go more or less together, meaning

that for the computational cost, our model excels at 10 features retained.

In the third plot of figure 2.1, we can see the skill of the model when compared to the
field reconstructed only from the respective number of EOFs. This result follows more
closely what we see in the loss values, as the cases with less retained EOFs manage to
have a higher skill. In any case we can notice that at least for the forecast of said number
of features, every test of the model has much higher skill than against the full field, and
this is to be expected.

However, the model being good at forecasting the first few EOF's is very useful, even

more so that the skill against the full field may imply. For example, in the optimal case
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with 10 features we retain 55% of the variance of the full field. This percentage may seem
small, but we have to remember that the dataset consists in the sea surface temperature
for the whole tropical zone, and depicting every single detail in every sea and every ocean
could not be in the scope of such a simple model. Moreover, the single most impactful
variability mode at these timescales is El Nino. and by accurately predicting it, one can
make good assumptions on a number of other phenomena and anomalies especially in
the tropics and the Pacific, but also on the entire world, since El Nino drives seasonal
variability even at very long distances, through processes called teleconnections, some of
which are shown if figure 3.1 [39][40]. All of this to say that since the EOF decomposition
ranks the modes in terms of variance explained, most of El Nino evolution is present in
just the first few modes. This means that we can at least say that these models are good
at forecasting the evolution of El Nino, and from that other assumptions could be made
on other regions and phenomena, even if this effects may not be directly present in the

outputs of the model.

Moreover, to capture this small number of features, the models don’t need to be
extremely complex. As we can see in figures 2.2 and 2.3, of course with a very small
dimension of the hidden state the model does not have the capacity to capture the
necessary patterns to make a good forecast, but after a certain value there is not a lot to
gain by increasing it further. Furthermore, even if LSTMs and deep networks in general
may often benefit by increasing the number of layer, in our case the model has a very
high skill even with just one layer, even if by a small margin the case with 2 layers still
performs better. In any case, by further increasing the complexity we notice that the
model just tends to overfit more and more, as it probably starts to capture too much
noise as if it was the pattern it was trying to learn, and has then trouble with generalizing

to new data.

To further analyse the model capacity to forecast El Nino in particular, we can look
at how it performs if we cut the input data to only the tropical pacific area. The first
thing to notice is that this way we are cutting much of the small local variability and
noise that is included in the whole dataset, so the model has way less patterns to learn
to still be able to recompose the whole field. We can see this directly by looking at the
explained variance by the first few EOFs of the tropical pacific:
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El Nino and Rainfall

El Nifio conditions in the tropical Pacific are known to shift rainfall patterns in many different parts of the world. Although they vary somewhat from
one El Nifio to the next, the strongest shifts remain fairly consistent in the regions and seasons shown on the map below.
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Figure 3.1: Typical rainfall patterns during El Nino events. Such teleconnections are likely

to occur during El Nino events, but not certain [41][42].

Number of features Explained variance

5 74%
10 82%
15 86%
25 89%

As we can see the first few EOFs account for almost the full variance of whole region,
as adding 10 more EOF's after the fifteenth only adds a mere 3% variance. This means
that we can train the model to predict only the first 10 PCs like in the previous case, and
the resulting skill will be much greater, as the reconstruction naturally explains more
processes. This is reflected in figure 2.4 where we can see that in general the skill is
much higher than in the full tropical case. For similar reason the skill of the persistence

is also higher to match, but in comparison the model still performs better than in the
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previous case, as even the first month forecast manages to almost reach the skill of the

persistence, and then overtakes it easily in the second month.

3.1.2 Surface Air Temperature

When looking at the air temperature 2 meters above the surface (t2m) the story
is much different. First and foremost, in figure 2.6 we can see that the loss value is
much greater with respect to the sea surface temperature case. Even more crucial is the
fact that the difference between the training and validation loss is very large, indicating
severe overfitting. This means that the model is focusing too much on learning the
specific evolution of the training data, but cannot generalize to other data. This time
the problem does not lie within the EOF decomposition, as if we look at the variance
retained by the first few EOFs, we can see that the values are very close to the sea

surface temperature case:

Number of features Explained variance

) 40%
10 54%
15 63%
25 74%

Nevertheless, the problem is not totally accounted for just by the model being unfit
to predict this type of data. This is because if we look at the skill of the prediction we
see something much more similar to the sea surface temperature case. The skill is overall
much lower, but comparing it to the persistence we can see the same pattern, with the

forecast of the model overtaking the persistence skill after a few months.

This goes to show the big disparity between trying to forecast an oceanic variable
versus an atmospheric one. The atmosphere evolves at a much higher frequency as seen
in figure 3.2, and since we are trying to make seasonal forecasts, this fast variability falls
beneath our time resolution of one month and gets lost, while at the same time making
the data much more noisy [44]. The overfitting seen by the model can be explained by
the fact that while it is trying to learn the underlying long term patterns within the
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Figure 3.2: Example time series for air temperature 2 meters above sea level, sea surface
temperature, and ocean temperature at 200 meters of depth. At the end the El Nino sst time

series is added for comparison [43].

input data, it instead captures this noise as if it was a real pattern, and fails to predict

new data.

However, even if the atmosphere is this unpredictable and varies on such fast time
scales, we can see that some of the skill of the forecast is still retained even if we are
predicting a much longer time window. This is because even if we are looking at air
temperature, the long term variability of the surface air temperature over the ocean is
basically fully driven by the oceanic one. In figure 2.9 we can see this effect, as it shows

at the performance of the model on the air temperature only above the oceans, and the
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plot looks almost identical to the one in figure 2.1 regarding the sea surface temperature.
This also goes to show that the decrease in the skill for the t2m case is concentrated
over land, where our model does cannot manage to account for the fast variability of the

atmosphere.

3.2 Transformer

If we compare the performance of our LSTM to that of our Transformer, the first
thing we can notice is that the transformer suffers from a worse case of overfitting. So
even if the the loss value relative to the training dataset is smaller, the validation loss
end up being higher than the previous model. We can also notice that with standard

settings the transformer takes longer to train in terms of epochs passed.

In spite of the glaring problems with the evolution of the loss during training, the
skill tends to somewhat match the one from the LSTM, with some variation on the trend

of the curve with respect to the number of months predicted.

Regarding the complexity, the transformer seems to benefit more from having a
deeper, more complex model, as the skill seems to be at its highest with a higher num-
ber of heads and hidden dimension. It also seems to favor a slightly higher number of
features with respect to the LSTM.






Summary and Conclusions

The purpose of this thesis work is to first give a broad overview of the most successful
machine learning models in the field of climate forecasts, but also to show some practical
methods and processes essential to their implementation and provide examples through

the use of some experiments.

We first explained the inner workings and building blocks of two of the most popu-
lar and useful machine learning architectures in the field of time series prediction, the
LSTM and the transformer, showing their key advantages and strong points, and their

shortcomings.

We then provided a detailed description of the setup and methods used for our rep-
resentative experiments. We went through an overview of the ERA5 dataset, followed
by the description of the EOF decomposition method, and the creation of the input
sequences used during training. We also described the training process step by step,

highlighting useful methods and precautions that were applied.

Finally, we presented the results obtained by our various experiments and evaluated
the performance of our LSTM and transformer models on the forecasts of sea surface
temperature and surface air temperature for the tropical region. The models provided
valuable insights regarding their behavior with different number of retained EOFs and

on the handling of oceanic versus atmospheric data.

The number of retained EOF's, which are represented by the number of features of
our models, plays a crucial role in the performance of the models. We observed that
while retaining too few EOFs limits the accuracy of the forecasts, through the loss of

critical variance information, retaining too many also causes problems. In particular,
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it leads to overfitting, with the model not being able to keep track of all the patterns
that arise and not being able to generalize well to other data. In our case, the optimal
number of EOFs retained for the sst forecast was around 10, which for the whole tropical
region accounted for 55% of the full variance. This is also a testament to the strengths
of the EOF analysis in this field, by enabling us to get consistent results while massively
increasing computational efficiency. For example, in this case going from the full 3-
dimensional tropical field to the EOF decomposed one, while the time dimension stays

the same length, on the spatial side we go from around 10° points to just 10 features.

For the sst in particular, despite the reduction in variance, the model demonstrated
high skill for the prediction of the most dominant modes of variability, first and foremost
managing to capture El Nino evolution, further demonstrated by the fact that limiting
the forecast to the tropical Pacific area we get strong and consistent forecast. Although
the performance for the whole tropical region was less satisfactory, with the models
struggling to capture the granular variability of various areas directly, we can still make

indirect assumptions on several areas from the knowledge of the state of El Nino.

The forecast of surface air temperature was systemically hampered by more significant
challenges. In particular, by including the air temperature over land the predictions for
the tropical area achieved low skill, a fact that is to be expected due to the faster time
scale of atmospheric variability limiting the direct prediction of atmospheric variables on
longer time scales. However, when limiting the model to the air temperature over the
oceans, the skill climbed back up to the values for the sst experiments, in line with the
well known fact that long term variability of the atmosphere over sea is fully driven by

oceanic variability.

Overall, we noticed that increasing model complexity, such as adding more layers or
increasing the dimension of the hidden state, did not consistently improve the perfor-

mance, and it often exacerbated overfitting instead.

In terms of LSTM versus transformer performance, we noticed that even if LSTM
models tend to be outperformed by transformers for bigger and more convoluted tasks, in
our experiments the LSTM model somewhat outperformed the transformer, as the latter

suffered from more severe overfitting despite achieving lower training loss. Nonetheless,
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the skills of both models were quite similar to each other. We may still favor the LSTM
for our simple case studies due to its lower complexity and depth, while still managing
to generalize better than its counterpart. This however, would not be the case for more

complex tasks involving for example more variables or longer sequences.

In summary, both models demonstrated good forecast performances regarding the
sea surface temperature variables, particularly for the prediction of the most important
climate modes like El Nino. Both models also exhibited overfitting tendencies when
dealing with greater complexity and depth and with a larger number of retained EOF's,
highlighting the importance of balancing model complexity with the nature of the data

being forecast.
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Appendix

Algorithm 1 shows the full Adam optimization algorithm, while algorithm 2 shows
AdamW.

Algorithm 1 Adam: Stochastic Optimization Algorithm [32]
Require: a: Stepsize

Require: (i, 5, € [0,1): Exponential decay rates for the moment estimates
Require: f(f): Stochastic objective function with parameters 6

Require: 6y: Initial parameter vector

Initialize: mg < 0 (1st moment vector)

Initialize: vy < 0 (2nd moment vector)

Initialize: ¢ < 0 (timestep)

1: while 6, not converged do

2 tt+1

3 gt < Vafi(6;-1) > Get gradients w.r.t. stochastic objective at timestep ¢
4: my < By -my_1+ (1= 51) - g > Update biased first moment estimate
5 vy 4 Po v+ (1= ) - gf > Update biased second raw moment estimate
6 my — 1111_;3{ > Compute bias-corrected first moment estimate
7 Uy 4— lftﬁé > Compute bias-corrected second raw moment estimate
8: Oy 01 — - \/gjre > Update parameters

9: end while

10: return 6, > Resulting parameters
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Algorithm 2 Adam with L2 regularization and AdamW (decoupled weight decay) [34]
Given: oo = 0.001, 31 =0.9, 5, =0.999, e =108, A € R

Initialize: timestep ¢ < 0, parameter vector 6, € R", first moment vector mgy < 0,

second moment vector vy < 0, schedule multiplier ny € R

1: repeat

2: t+—t+1

3: fi(0:—1) < SelectBatch(6;_1) > Select batch and return the corresponding
gradient

4: g < V[i(0i-1) + A0 > Gradient with L2 regularization

5: my < By -my_1+ (1= 51) - g > Update biased first moment estimate

(element-wise)
6: v Borvr + (1= B2) - g7 > Update biased second raw moment estimate

(element-wise)

7: my 1711_;35 > Compute bias-corrected first moment estimate

8: Uy — lftﬁé > Compute bias-corrected second raw moment estimate

9: ne < SetScheduleMultiplier(t) > Can be fixed, decayed, or used for warm
restarts

10: 0, +— 0,1 — - < \/:7’:;6 + /\Ot_1> > AdamW with decoupled weight decay

11: until stopping criterion is met

12: return optimized parameters 6;
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