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ABSTRACT

BRIDGING HUMAN AND ARTIFICIAL INTELLIGENCE FOR SKILLFUL,

TRUSTWORTHY, AND INSIGHTFUL SEASONAL-TO-DECADAL CLIMATE

PREDICTION

Seasonal-to-decadal climate variability is inherently difficult to predict and is intimately

connected to human and natural systems worldwide. Skillful forecasts on two-month

to ten-year timescales would enable proactive and informed decision-making for many

industries, including Ąsheries, water management, and agriculture. Understanding the

behavior of seasonal-to-decadal climate variability provides context for our changing en-

vironment. Neural networks, a class of artiĄcial intelligence tools, are well-suited for

exploring teleconnections, precursors, and patterns of variability, since they can identify

complex relationships within immense quantities of data. Neural networks have tradi-

tionally been used as Şblack-boxŤ models that produce predictions but are inherently

difficult to explain. There has been a recent push to develop ŞinterpretableŤ models that

can be understood by human scientists. In this dissertation, I bridge human and artiĄcial

intelligence to leverage interpretable AI for skillful, trustworthy, and insightful prediction of

seasonal-to-decadal climate variability.

First, I show how interpretable neural networks can be used to optimize a simple

forecasting method, analog forecasting. This approach highlights four precursor patterns

for one-year forecasts of El Niño Southern Oscillation in the Tropical PaciĄc, West PaciĄc,

Baja Coast region, and Tropical Atlantic. In addition, when making Ąve-year forecasts of

observed sea surface temperature variability in the North Atlantic, this optimized analog

forecasting approach rivals the performance of an initialized decadal prediction system.

ii



Second, I design neural networks to learn patterns of internal variability and forced

change. Using these neural networks, I perform climate change attribution for observed sea

surface temperatures. Despite the unprecedented, record-high, global-mean sea surface

temperature in 2023, our results suggest that much of this warming can be explained by

internal variability, as anomalously cold conditions in 2021 and 2022 shifted to anomalously

warm conditions in 2023.

Third, I use neural networks to make decadal forecasts of the likelihood that annual-

global-mean temperature exceeds 1.5°C, a critical Paris Agreement temperature threshold.

These forecasts predict that it is very likely that annual-global-mean temperature exceeds

1.5°C in the next decade (2024-2033), serving as a harbinger for future climate change. These

forecasts are consistent with dynamical initialized prediction systems, demonstrating that

neural networks can provide skillful decadal forecasts at reduced computational expense.

Neural networks are powerful tools for prediction, and facilitate deeper discovery of

our chaotic, interconnected, predictable Earth.
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Chapter 1: Introduction

The EarthŮthe atmosphere, the oceans, the landŮis a highly complex system governed

by chaotic, interconnected processes. A long history of Earth system research has resulted in

major advancements in forecasting and projections, from rapid improvement in the skill of

short-term weather forecasts [1] to reĄned representations of global climate variability and

change [e.g., 2, 3]. While forecasts on seasonal-to-decadal (2 months to 10 years) timescales

have also become more skillful [4, 5], there is potential for further improvement [6].

More skillful seasonal-to-decadal forecasts would enable proactive and informed decision-

making for a number of sectors impacted by seasonal-to-decadal climate variability. This

includes Ąshery management [e.g., 7], which is sensitive to seasonal-to-decadal variability

in SST [e.g., 8, 9] water management in regions where there is seasonal predictability of

precipitation [e.g., 10], and agriculture, which is sensitive to long-lasting temperature and

precipitation extremes [e.g. 11]. As more stress is put on the environment due to human

activity and human-caused climate change, seasonal-to-decadal forecasts become even

more necessary for managing these systems [12].

Seasonal-to-decadal predictability primarily comes from internal climate variability in

the form of teleconnections. Teleconnections are distant climate anomalies in the oceans,

land, and atmosphere that are linked via atmospheric and oceanic circulations. This

includes the temperature and precipitation response to large-scale patterns of ocean vari-

ability, such as El Niño Southern Ocean [ENSO; 13, 14] or Atlantic Multidecadal Variability

[AMV 15, 16]. The response to external human-caused forcings, such as greenhouse gas

and aerosol emissions, also adds predictability on decadal timescales as the mean state of

atmosphere evolves [17]. These two sources of predictability create challenges for seasonal-

to-decadal prediction: forecasts must consider the patterns of internal variability, the forced

response, and the complex interactions between.
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Operational seasonal-to-decadal forecasts are often based on simulations from dy-

namical models which have been initialized with observations [e.g., 18, 19]. Dynamical

simulations are computationally expensive, and initialized forecasting requires that they

are re-run with the most recent observations every year or less. Initialized prediction

systems also have mean-state biases and struggle with initialization shock, which can

degrade the quality of the information contained by observed initial conditions [6]. Data-

driven approaches to seasonal-to-decadal prediction, including machine learning/artiĄcial

intelligence (AI) methods, have been shown to rival the prediction skill of dynamical

models at reduced computational expense [e.g., 20, 21, 22]. Neural networks, in particular,

are a natural Ąt for seasonal-to-decadal prediction, since they can learn complex relation-

ships (e.g., teleconnections) from immense amounts of data (e.g., climate model data and

observations).

While neural networks have garnered attention for their applicability to Earth system

predictability [23], they have traditionally been used as Şblack boxŤ models, producing

predictions without explanations of their decisions [24]. However, there has been a recent

push to make neural networks that explain their reasoning [25]. These ŞinterpretableŤ

networks deliver more than just a prediction, they provide ameans for gaining new insights

into our Earth system and strengthening trust in the model [e.g., 26, 27].

This dissertation lies at the intersection of seasonal-to-decadal climate prediction and

interpretable AI. Within, I explore how neural networks can be used for skillful, trustworthy,

and insightful seasonal-to-decadal climate prediction. Bridging human and artiĄcial intelli-

gence, these interpretable neural networks are designed to identify patterns in the Earth

system in the same way climate scientists think about climate predictability. This ensures

that the explanations provided by the neural networks can be understood by the humans

that use them. These explanations enable deeper understanding of the present climate,

the future climate, and the mechanisms that guide climate variability and predictability.

In Chapter 2, I develop a neural network framework for improving seasonal-to-decadal
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analog forecasts and explore the precursor patterns of ENSO and AMV. In Chapter 3, I use

neural networks to disentangle internal variability and the forced response in sea surface

temperature (SST) observations, and perform climate change attribution for the record-

high sea surface temperature in 2023. In Chapter 4, I make decadal climate predictions of

surface temperature and assess the likelihood that global-annual-mean temperature will

exceed politically-relevant temperature thresholds in the near-term climate. In Chapter

5, I summarize how this dissertation advances the Ąeld of seasonal-to-decadal prediction

and inspires new questions for future study.

The work in Chapter 2 has been peer-reviewed and published in Geophysical Research

Letters [22], and has been reproduced in this dissertation without alteration:

Rader, J. K., and E. A. Barnes, 2023. Optimizing seasonal-to-decadal analog forecasts with

a learned spatially-weighted mask. Geophysical Research Letters, 50(23), e2023GL104983.

doi: 10.1029/2023GL104983.
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Chapter 2: Optimizing Seasonal-to-Decadal Analog Forecasts

with a Learned Spatially-Weighted Mask

2.1 Summary

Seasonal-to-decadal climate prediction is crucial for decision-making in a number of in-

dustries, but forecasts on these timescales have limited skill. Here, we develop a data-driven

method for selecting optimal analogs for seasonal-to-decadal analog forecasting. Using an

interpretable neural network, we learn a spatially-weighted mask that quantiĄes how im-

portant each grid point is for determining whether two climate states will evolve similarly.

We show that analogs selected using this weighted mask provide more skillful forecasts

than analogs that are selected using traditional spatially-uniform methods. This method is

tested on two prediction problems using the Max Planck Institute for Meteorology Grand

Ensemble: multi-year prediction of North Atlantic sea surface temperatures, and seasonal

prediction of El Niño Southern Oscillation. This work demonstrates a methodical approach

to selecting analogs that may be useful for improving seasonal-to-decadal forecasts and

understanding their sources of skill.

2.2 Plain Language Summary

Understanding how the climatewill look in one to ten years is useful formany industries,

but this task is very difficult. One method for making forecasts on these timescales is called

analog forecasting. In analog forecasting, a researcher Ąnds past states in observations, or

states in a climate model simulation, that look like the current state of the climate, and uses

how those maps changed over time to predict how the climate will change over time. Some

regions are more important for determining how a climate state will change over time, and

we use a machine learning method called a neural network to identify these important

regions. We Ąnd that if we only look at these important regions when determining if two

climate states are similar or not, we can improve our analog forecasting skill.

4



2.3 Background

Forecasts on seasonal-to-decadal timescales are crucial for decision-makers in a number

of industries, but forecasts on these timescales have limited skill [6, 28, 29]. Analog forecast-

ing, predicting what will happen based on previous states with similar initial conditions, is

an intuitivemethod for seasonal-to-decadal prediction. It is built on the premise that similar

geophysical states will evolve in similar ways [30]. It follows that analogsŮsimilar looking

states to the initial state that is being forecastŮcan provide insight into how that initial

state will continue to evolve. The analog forecasting approach is powerful for seasonal-to-

decadal climate prediction [e.g., 20, 31, 32, 33, 34] and can outperform general circulation

models (GCMs) initialized with observations, which struggle with initialization shock and

climate model drift [6, 35].

A major hurdle in obtaining successful analog forecasts is that the climate system is

noisy and chaotic, and thus small differences between two initial states can result in vast

differences in their evolution [36]. Thus, a successful analog forecast for a particular initial

climate state, which we refer to as the state of interest (SOI), requires that the analogs

and SOI are sufficiently similar such that their evolutions do not signiĄcantly diverge

during the prediction timeframe. Sufficiently similar analogs can be difficult to Ąnd in the

observational record since the number of independent observations we have on seasonal-

to-decadal scales (e.g., fewer than 100 during the satellite era) is so much smaller than

the number of degrees of freedom within a global geophysical Ąeld [e.g., 37]. While

observations are in short supply, there is a wealth of simulated climate data and many

recent studies have used Şmodel-analogs" [31] drawn from climate model output instead

[e.g., 38, 39, 40].

We refer to the library of climate model states that can be used for analog forecasting as

Şpotential analogs." Once a potential analog has been identiĄed to be sufficiently similar to

the SOI we refer to it as an analog. Forecasts are made by taking the mean evolution of

the top-N analogs, where N is chosen by the user. There are several ways to quantify the
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similarity between the potential analogs and the SOI. The most straightforward method

is to compute the global correlation between each potential analog and the SOI [e.g., 41].

Using a global correlation assumes that the similarity between the maps at each grid point

globally matters equally. A natural next step in complexity is to compute a correlation over

a region that is known to be important for predictability of a given target, such as the North

PaciĄc for predicting the PaciĄc Decadal Oscillation [e.g., 40]. While this approach removes

some regions that may not be useful for determining the best analogs, it still assumes that

each grid point within the region is equally important and the region must be known a

priori.

In the following work, we train an interpretable neural network on a proxy task that

is similar to the analog problem (Section 2.5). The network learns a weighted mask

which is used for determining analogs. The forecasting skill of the analogs selected using

the learned weighted mask is tested through a perfect model approach where climate

model data substitutes observations and is used to predict future climate model data. We

demonstrate how this method can be applied to analog forecasting through two prediction

examples: forecasting 5-year sea surface temperature (SST) anomalies in the North Atlantic

(Section 2.6) and wintertime SST anomalies in the tropical PaciĄc (i.e., El Niño Southern

Oscillation; Section 2.7). In these examples, analogs identiĄed using the weighted mask

provide more skillful forecasts than analogs that are identiĄed in a way that is globally or

regionally uniform. In addition, we show that these masks, once generated by a neural

network, can be modiĄed post hoc to further investigate the importance of each region for

seasonal-to-decadal prediction (Section 2.7).

2.4 Data and Metrics

2.4.1 Climate Model Data

We use monthly SST from the historical run of the Max Planck Institute (MPI) for

Meteorology Grand Ensemble [GE; 42] at 2° latitude by 2° longitude resolution. This
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dataset contains 100 members and each simulates 156 years (1850-2005) of the EarthŠs

climate with historical forcing. The MPI-GE uses the MPI Earth System Model version

1.1 [ESM1.1; 43]. Each member is initialized using a different year of the preindustrial

control simulation such that the differences between ensemble members are a product

of internal variability. Learning the weighted mask requires a large number of training

samples, which makes the 15,600 years provided by the MPI-GE historical simulations a

natural Ąt for this task.

2.4.2 Standardization and Selection

Subsets of the MPI-GE ensemble members are used for different purposes. Our library

of potential analogs is made up of members 1-35. Members 36-50 are the SOIs for training

the neural network, members 51-55 are the SOIs for the early stopping validation set (which

is used to prevent overĄtting to the training data), and members 56-60 are the SOIs for the

tuning validation set (which is used to identify optimal hyperparameters for the neural

network). Finally, members 96-100, which are withheld until the very end, are the test

set for making and evaluating the analog forecasts. Details on the process of tuning and

training the neural network, including selecting the hyperparameters, can be found in

Section A.1.

Each sample i or j, from the SOIs or the library of potential analogs, is composed of an

input Ąeld (ISOI,i or Ianalog,j) and a target (TSOI,i or Tanalog,j). The input Ąelds are one or

more maps of global SST leading the targets over some earlier period (the "input period").

The targets are time- and area-mean SST anomalies over a certain region and forecast

window.

We removed the forced signal from the climate model data by subtracting the ensemble

mean of the library of potential analogs at each location and year from each set of data.

After the forced signal was removed, the data was standardized by dividing by the standard

deviation at each grid point across the library of potential analogs. By using the library of

7



potential analogs to calculate the forced signal and internal variance we treat the SOIs as if

they are truly unseen data as we would when forecasting.

2.4.3 Metrics

We measure forecasting skill with a mean absolute error (MAE) skill score. This skill

score is calculated by comparing the MAE of the analog prediction for the SOIs in the test

set with the MAE of climatology, as:

Skill Score = 1−
MAEpred

MAEclimo

such that a perfect prediction has a score of one, and a climatology prediction has a score of

zero. Climatology is the prediction by the mean state, which is zero for this standardized

data. Analog forecasts made using the weighted mask are compared with the following

additional baselines: a global analog forecast, a target region analog forecast, a mean target

evolution forecast, and a random forecast. In the global analog forecast (target region

analog forecast), the analogs are selected if the unweighted MSE over the entire globe

(target region) is the smallest. The mean target evolution forecast is based on how the

targets in the input period evolve on average and is detailed in Section A.2. The random

forecast is made by randomly selecting targets from the library of potential analogs and

using them as the prediction. In addition to the MAE skill score, the Pearson correlation

coefficient can be found in Figure A.6.

2.5 Optimized Analog Forecasting Approach

Our goal is to Ąnd optimal analogs for forecasting a speciĄc target. To do this, we

train a neural network to identify a spatially-weighted mask. This weighted mask is then

multiplied by the SOI and potential analogs and the mean-squared error (MSE) between

the weighted maps is used to determine how similar they are (Figure 2.1). This weighted

mask should contain large values where similarity between the analogs and the SOI is
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most important for predicting the target and near-zero values where similarity between

the maps is not important. With this architecture, the MSE will be low if the maps agree

where the mask weights are high, regardless of the differences between the maps where

the mask weights are low. For the plots in this paper, the mask is normalized by dividing

by the sum of the weights times the size of the input, such that the mean weight is one.

We generate the weighted mask by training a neural network on a proxy task that is

tangential to our main goal. While our goal is to identify a weighted mask that is optimized

for making an analog forecast, our proxy task is to predict the difference in TSOI,i and

Tanalog,j given ISOI,i and Ianalog,j . En route to making this prediction, the neural network

must learn the weighted mask, multiply it by the two input maps, compute the MSE

between these weighted maps, and Ąnally convert the MSE into a predicted difference in

the targets. This process is depicted in the red box of Figure 2.1.

Once the weighted mask has been learned, a neural network is no longer needed to

make analog predictions. The weighted mask is multiplied by the SOI and each potential

analog, theMSE is computed between theweighted SOI and theweighted potential analogs,

and the potential analogs with the lowest MSE are used to make the analog forecast. While

the proxy task is not identical to the analog problem, it provides a weighted mask that

improves analog forecasting skill, as we will show in Sections 2.6 and 2.7.

2.6 Multi-year Prediction of North Atlantic Sea Surface Temperature

We Ąrst test our analog forecasting approach on a multi-year prediction of SSTs over

the North Atlantic. North Atlantic SSTs exhibit clear variability on multi-annual timescales

[44] and exhibit potential for skillful decadal forecasts [45, 46]. SST variability in the

North Atlantic has been associated with weather and climate anomalies globally, including

Atlantic hurricane frequency and intensity [47, 48], northern hemisphere precipitation

[15, 49], and the strength of the Asian summer monsoon [50]. In this prediction problem,
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Figure 2.1: Optimized analog forecasting method and interpretable neural network architecture.
The analog forecasting method can be described in three steps: 1) identify a state of interest and a
library of potential analogs. 2) Determine which maps are the most similar. 3) Make a prediction
using the best analog(s). In the blue box, we show our weighted-mask approach for determining
the similarity of two maps. The weighted mask is multiplied by the state of interest and a potential
analog before computing the mean squared error (MSE). In the red box, the interpretable neural
network architecture is shown. Two input samples are multiplied by a matrix of trainable weights
and the MSE is computed. This MSE is then converted to a predicted difference in the sample
targets using a group of fully-connected dense layers. Note that the weighted mask has the same
dimensions as the input Ąeld(s), despite the coarser resolution in this Ągure.

.
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we use global maps of SST, averaged over the previous Ąve years, to predict the mean SST

anomaly in the North Atlantic (40°-60°N, 10°-70°W) over the following Ąve years.

The weighted mask learned by the neural network is shown in Figure 2.2a. The Green-

land Sea and the gulf stream region in the western North Atlantic emerge as the most

important regions for identifying analogs in the MPI-GE. Over the western North Atlantic,

there is an area of zero weight between two areas of high weight. These may be where

the boundaries of persistent SST anomalies vary, and the neural network has learned that

the speciĄc locations of these boundaries are not important for the prediction problem.

Previous studies that have used an analog approach to assess North Atlantic decadal pre-

dictability selected the best analogs by taking a correlation over the whole globe [41] or

the entire North Atlantic basin [32]. As shown in Figure 2.2b-d, when using the weighted

mask, the best analogs only have to look like the SOI in the highest weight regions. An

example SOI is shown in Figure 2.2b and its best analog in Figure 2.2c. These twomaps look

similar in the North Atlantic, but are starkly different in the North PaciĄc and Indian Ocean,

among other regions. Once the weighted mask has been applied to the SOI (Figure 2.2d)

and its best analog (Figure 2.2e), the maps look nearly identical.

These results suggest that using uniform weights across the entire North Atlantic basin,

or the whole globe, may lead to a selection of analogs that are not optimized for forecasting

multi-year variability in the North Atlantic. Indeed, we see that this is true in the skill

scores shown in Figure 2.3a. For 1 ≤N ≤ 50, where the top-N analogs are averaged, our

weighted mask analog forecast outperforms the global and target region analog forecasts,

as well as the climatology, mean target evolution, and random baselines. The skill score is

lowest when only the single best analog is used for forecasting, and subsequently improves

for larger N. Given that the skill score maximizes around N = 10, and the spread of the

targets associated with the analogs (i.e. the uncertainty of the forecast) increases with N

(Figure A.1), we elect to focus on results for N = 10 analogs. The prediction by the top-10

analogs, and the spread of the targets, are shown in Figure 2.3b for 200 years of SOIs. The
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analog predictions do a good job of capturing the variability of North Atlantic sea surface

temperatures, though they do struggle to forecast the most extreme anomalies.

2.7 Seasonal Prediction of El Niño Southern Oscillation

In addition to improving prediction skill, the weighted mask can be used to explore

precursor patterns within the climate simulated by MPI-GE. This is a major beneĄt of the

interpretable neural network architecture, as the weightedmask can be compared to known

precursor patterns to improve trust in the weighted analog forecasts and provide new

insight into Earth system predictability. Here, we extend the application of the weighted

mask analog approach to seasonal forecasts of ENSO. ENSO precursors are well-studied

providing an ideal case for exploring the utility of the weighted mask for predictability

studies.

ENSO is the leading mode of global annual SST variability [51] and has an extensive

inĆuence on global weather and climate [reviewed in 52]. Analog forecasting has been

applied to seasonal prediction of ENSO in several studies due to its potential to outperform

initialized GCM forecasts [e.g., 31, 20]. In the following example, we use wintertime

(November-March) global SST anomalies to forecast SST anomalies in the Niño3.4 region

[5°S-5°N, 120-170°W; 53, 54] the following winter.

The weighted mask for forecasting ENSO looks markedly different from that for fore-

castingNorth Atlantic multi-year variability (Figure 2.4a). While a few regions are assigned

higher weights, the weights in Figure 2.4a are much more uniform across the globe than in

Figure 2.2a. The four main regions that stand out in this weighted mask have also been

identiĄed as important precursors in previous literature: the western North PaciĄc [e.g.,

55], the PaciĄc Meridional Mode [e.g., 56], the Central Atlantic [e.g., 57], and the tropical

PaciĄc itself [e.g., 58]. The skill score of the global analog forecast (Figure 2.4b) is similar

to that of our weighted mask analog forecast (but always lower, see Figure A.3), which is
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Figure 2.2: Weighted mask and example for multi-year predictions of North Atlantic SST. (a)
Weighted mask, as learned by the interpretable neural network. (b) Standardized SST anomalies
for a sample state of interest (SOI). (c) Standardized SST anomalies for the best analog associated
with the SOI. (d) Weighted SOI. (e) Weighted best analog.

.
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Figure 2.3: Analog forecasts of North Atlantic sea surface temperature. (a) Skill scores for our
weighted mask analog forecast and other baselines. (b) Weighted mask analog forecasts for 200
years of MPI-GE simulations, including the mean prediction from the top-10 analogs, the spread of
these predictions, and the truth values.

.
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not surprising since the values of the weighted mask are near one for most areas of the

globe.

Since the weighted mask can be manually updated post hoc, we use this to explore

the sensitivity of the forecast skill to which regions are included in the weighted mask.

Figure 2.5a shows the weighted mask for ENSO prediction (Figure 2.4a) but where the

smallest 95 percent of the weights have been set to zero. Forecasts made with this Şcon-

strained" weighted mask have similar skill to the original weighted mask (as shown in

Figure A.4). From the constrained weighted mask, we identify four main precursor re-

gions for ENSO: the West PaciĄc (ocean grid points bounded by 0°-40°N, 100°-170°E), the

Tropical PaciĄc (25°S-10°N, 170°E-65°W), the Baja Coast (10°N-40°N, 110°-140°W), and

the Tropical Atlantic (0°-20°N, 20°-80°W).

We assess how important each precursor region is in two ways. In the Ąrst approach, we

test the skill score of analog forecasting when each region is occluded from the constrained

weighted mask (weights in that region are set to zero). When all four regions are included,

the skill score is 0.146. Removing any of the four regions from the weighted mask results

in a skill score decrease. Interestingly, removing the Tropical Atlantic results in the most

drastic decrease in prediction skill. While the Tropical Atlantic has been connected to

ENSO predictabilityŮtropical Atlantic SSTs modulate the Walker Circulation and, in turn,

the SST gradient of the tropical PaciĄc [57, 59]Ůit is not considered a primary driver [60].

In the second approach, we isolate each of the four regions (weights outside that region

are set to zero). There is no improvement over climatology when just the Baja Coast or

Tropical Atlantic is used to select analogs, and more skill when just the West PaciĄc or

Tropical PaciĄc is used. However, no region alone provides anywhere near the skill that all

four regions do together.
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Figure 2.4: Weighted mask and skill scores for seasonal predictions of El Niño Southern Oscillation.
(a) Weighted mask. (b) Skill scores for our weighted mask analog and other baselines.

.
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Figure 2.5: Analog forecasting skill of El Niño Southern Oscillation when various regions are
occluded or isolated. (a) As in Figure 2.4a, but the lowest 95 percent of weights are set to zero. Four
regions of focus are highlighted by the colored boxes. (b) Skill scores for analog forecasts when
each region is occluded from the mask (top) and when the region is isolated to make a forecast
(bottom).

.
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2.8 Discussion and Conclusions

We have shown how an interpretable neural network can be used to identify a weighted

mask that improves the selection of analogs for seasonal-to-decadal forecasting. The

precursors identiĄed in the weighted masks are not necessarily causal, but they do provide

the optimal predictors for the given input. In this work we have constrained the neural

network to learn one mask that represents all pathways of predictability, however allowing

the network to learn different masks for different SOIs could lead to better analog forecasts.

This paper is intended to demonstrate theweightedmask approach to analog forecasting.

For clarity and simplicity, we only used a single input map of SST to predict a future target

SST in this work. However, this methodology is designed to identify masks for multiple

inputs (e.g., different variables, time lags) as well. We provide an example of this in

Figure A.5, where we include the time tendency of SST as a second input variable for the

North Atlantic multi-year prediction example. Including sea surface height or ocean heat

content as an additional variable [e.g., 31, 61] has the potential to improve prediction skill

in the North Atlantic and tropical PaciĄc and would provide a unique mask for where

these variables provide information beyond SST alone.

We have explored this method through a perfect model setup. As such, the identiĄed

precursors are intrinsic to the MPI-ESM and may not reĆect patterns of predictability in

the observed Earth system. Although there are known issues in the MPI-ESMŠs ability

to simulate North Atlantic SSTs, including a warm bias and a weak meridional gradient

[62], this learned weighted mask still acts to improve observational forecasts relative to

a uniform mask. These results, and a comparison with an initialized dynamical forecast,

can be found in Section A.3. Training the weighted mask on a multi-model ensemble may

provide patterns that are more consistent with observations [e.g., 4, 63] and allow for

enhanced analog predictions on real data. Additionally, we could train on models and

observations at the same time to identify a weighted mask that is more representative of
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the true Earth System. We believe that this weighted mask approach will be inĆuential to

analog forecasting moving forward.
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Chapter 3: Attribution of the record-high 2023 SST using a

deep-learning framework

3.1 Introduction

The global-mean sea surface temperature (SST) reached a record high in 2023, exceeding

the previous record by 0.14°C and the 1981-2010 average bymore than 0.5°C [64, 65]. Global-

mean SST is a product of both externally forced change (e.g., human-caused warming) and

variability internal to the climate system. This record was unprecedented and unpredicted:

No other record had surpassed a previous record to such a large extent, and dynamical and

statistical forecasting systems failed to capture such an extreme [66, 67]. Even anomalous

external forcings that are not accounted for in these forecasting systems, such as from the

Hunga TongaŰHunga HaŚapai volcanic eruption in Tonga or decreased aerosol emissions

from shipping, are unlikely to fully explain this rapid warming [68, 69]. This raises the

question: can the 2023 SST record be attributed to an abrupt change in the forced response,

or was this extreme warmth the result of internal variability?

The extent to which the record-high SST in 2023 is a product of internal variability or

the forced response has major implications for our understanding of the climate system.

An abrupt change in the forced response could indicate accelerating or nonlinear warming

[70, 71], due to changes in SST patterns [e.g., 72] or the triggering of a climate tipping

point [73]. Abrupt warming would result in major impacts on human and natural systems

globally, including ecology [74, 75] and economy [76], with further implications for human

well-being and behavior [77]. Attribution of the 2023 global mean SST is also critical for

discussions on climate change policy [66]. International agreements, such as the United

Nations Paris Agreement, have established warming targets to limit the impacts of forced

climate change [78, 79]. Actively monitoring the current proximity of the climate system

to these warming targets requires immediate estimation of the forced response [80].
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The Intergovernmental Panel onClimate Change (IPCC) uses the 20-year rolling average

temperature to estimate the global warming magnitude within climate models [81]. This

requires knowledge of the climate system a decade into the future, which is not available

for real-world data and thus cannot be used to estimate the global warming magnitude

in observations. Traditional methods, such as linear or fourth-order polynomial Ąts to

historical observations [e.g., 82, 83], could be used to disentangle the forced and internal

components in 2023, but they lack the ability to capture nonlinearities or abrupt changes in

the forced response [e.g., the temperature response to the eruption of Mount Pinatubo;

84]. Hybrid methods that combine recent observations with decadal climate forecasts

[e.g., 80] can also provide near-instantaneous estimates of the current global warming

magnitude, but they rely on climate projections that do not include abrupt changes to

future forcing [e.g., 17]. Fingerprinting methods [e.g., 85, 86] identify distinct spatial

patterns of forced change within climate model simulations which can be projected onto

observations to isolate the forced component of change. Since Ąngerprinting is not sensitive

to the time-evolution of climate change, it is a natural Ąt for detecting sudden shifts in the

forced response. However, simulated patterns of the forced response are inconsistent with

recent observed SST trends, particularly in the tropical PaciĄc and the Southern Ocean

[87, 88], and climate model-derived Ąngerprints are encoded with these same biases.

In this work, we develop a deep learning method for attribution of the record-high

2023 SST. A neural network is trained to separate the internal and forced components

of annual-mean SST by learning patterns of forced change and internal variability from

thousands of realizations of SST simulated by climate models. Once trained, the neural

network uses these learned patterns to estimate the forced and internal components of

observed SST. In the following, we will show that our deep learning approach provides

skillful attribution for out-of-sample climate model data, and explore the extent to which

the record-high SST in 2023 can be attributed to an abrupt change in the forced response or

anomalously warm internal variability.
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3.2 Attribution Framework

Our study uses a neural network to separate internal variability and the forced response

for annual-mean SST. Following the framework and data provided by the ongoing Forced

Component Estimation Statistical Methods Intercomparison Project [ForceSMIP; 89], our

neural network leverages data from Ąve climatemodel initial-condition large ensembles [90,

91, 92, 93, 94]. These large ensembles simulate the climate under historical forcings (1950-

2014) and three future forcing scenarios (2015-2022) [95]. MIROC-ES2L (30members) uses

the SSP2-4.5 forcing scenario, CESM2 (50 members) uses the SSP3-7.0, and MIROC6 (50

members), CanESM5 (25 members), and MPI-ESM1-2-LR (30 members) use the SSP5-8.5.

All climate model data is regridded to a 2.5°x 2.5°resolution. Since each large ensemble has

at least 25 members, we ensure each climate model large ensemble is equally represented

in the training set by using the Ąrst 17 members for training. The following eight members

are used to explore how the neural network learns patterns of the forced response and

internal variability (Section B.1).

In large ensembles, the forced and internal components are known: the ensemble

mean SST is the forced climate response while the residual is internal variability [96]. In

this supervised learning task, we have the option to either predict the forced or internal

component. We predict internal variability, calculating the forced response by subtraction,

for two related reasons. First, deep learning algorithms are prone to overĄtting on small

training sets, and predicting the internal component provides more distinct samples to

train on. While our training set comprises 6205 samples (5 climate models x 17 members x

73 years), all with unique patterns of internal variability, there is only one forced response

pattern for each climate model ensemble. This leaves only 365 unique maps of the forced

response (5 climate models x 73 years), and fewer truly independent samples as the forced

response is highly autocorrelated. Second, patterns of internal variability are more complex

than the patterns of the forced response [the forced response is often explained by just a

few patterns while internal variability requires many; e.g., 97]. While internal variability
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and the forced response are two sides of the same coinŮthe neural network need only

learn one to calculate the otherŮtargeting internal variability pushes the network to learn

the behavior of internal variability, not just the forced response (Section B.1).

Our prediction task is set up as follows: The neural network is given a map of simulated

annual-mean SST as input and tasked to estimate the internal variability component. The

input maps are preprocessed to remove differences in the mean temperature patterns

between models by Ąrst calculating the SST anomalies relative to the global mean then

calculating this anomaly relative to the global mean for each climate model member (1950-

2022). As is standard practice in machine learning, the input and outputs are standardized

at each grid point using z-score normalization. To learn local and global patterns of internal

variability and the forced response, the neural network architecture employs convolutional

layers, fully-connected layers, and skip connections. The full neural network architecture

and the hyperparameter tuning process are discussed in Sections B.2 and B.3.

This methodology achieves three key goals for attribution of the 2023 climate. First, our

method makes estimates based on the patterns within single maps of annual-mean SST,

such that attribution is not dependent on knowledge of the future climate. Second, this

approach does not prescribe that the forced response must evolve smoothly and can thus

capture abrupt forced change. Lastly, this approach learns complex, nonlinear patterns

of both the forced response and internal variability, which allows for nuanced attribution

that relies on more than just the mean forced response simulated by climate models.

We evaluate the performance of our neural network using a leave-one-out approach.

Neural networks are trained on Ąve different train/validation splits, where four climate

models are used for training and one is withheld for validation. This allows us to assess

our methodology on simulations of annual-mean SST that fall outside of the training data

before applying the Ąnal neural network, which is trained on all Ąve climate models, to

truly out-of-sample observations. We train 10 neural networks that differ only in their

initializations for each train/validation split, such that 50 neural networks are trained in
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total. We use the area-weighted R2 score (coefficient of determination) to assess the skill of

our internal variability estimates for simulations in the validation set, where an R2 score of

one indicates our estimates have perfect skill and anR2 score of zero indicates our estimates

have no skill. In addition, we compare the magnitudes of true internal variability with our

estimates by calculating the standard deviation at each gridpoint for both Ąelds.

Once trained on simulated annual-meanmaps of SST, the neural network takes observed

annual-mean SST to estimate the contributions from internal variability and the forced re-

sponse. We use the National Oceanic and Atmospheric Administration (NOAA) Extended

Reconstructed SST version 5 (ERSSTv5) as our observational SST product [65]. This data

is regridded to a 2.5°x 2.5°resolution to match the data in our training set. We make 10

different estimates of the internal component of observed SST using neural networks with

different initializations. Our Ąnal estimate of the internal variability component is the

mean of these 10 estimates, which is more skillful than the estimate from any single neural

network (Figure B.1).

3.3 Results

Using the neural networks trained with leave-one-out cross-validation, we Ąnd that

our approach supplies skillful estimates of internal variability for out-of-sample climate

model data. Across most of the globe, the R2 score is greater than 0.7, indicating that our

neural network skillfully estimates internal variability (Figure 3.1a). In these regions of

skill, the true and estimated magnitudes of internal variability are comparable, differing by

less than 20%. Exceptions in the skill of our estimates of internal variability can be found in

parts of the Arctic, North Atlantic, and the Southern Ocean, regions where SST variability

is dominated by sea ice extent.

We compare the neural network estimate of the forced response to the true forced

response when CESM2 is withheld from the training set in Figure 3.1c-f. In three regions

where SST is dominated by large-scale, multi-annual climate modesŮthe tropical PaciĄc,
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Figure 3.1: Performance of the neural network for separating the forced and internal components of
global SST variability. (a) R2 score of the estimated internal variability relative to the true internal
variability averaged over the leave-one-out test sets. (b) The estimated magnitude of internal
variability divided by the true magnitude of internal variability within the test sets. Ones indicate
regions where the magnitude of the estimated internal variability is equal to the true magnitude
of internal variability. Blues indicate regions where the estimates underestimate the magnitude
of internal variability. Reds indicate regions where the estimates overestimate the magnitude of
internal variability. Example estimates of the forced response for the (c) North Atlantic, (d) North
PaciĄc, (e) Tropical PaciĄc, and (f) global mean.

.
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the North PaciĄc, and the North AtlanticŮour neural networks have skillfully separated

the internal and forced components of variability. In addition, the global mean forced

response estimate closely tracks the true forced response, including the period from 1992

to 1995 when simulations of global mean SST are cool in response to the 1991 eruption

of Mount Pinatubo [98]. Additional examples when other climate models were used for

validation can be found in Figure B.2.

Using neural networks trained on all Ąve climate model large ensembles, we now

estimate how much internal variability contributed to the record-high SST observed in

2023 (Figure 3.2). Our internal variability estimate reveals an anomalously warm tropical

PaciĄc, contributing +0.04°C to global-annual-mean SST. The North and South PaciĄc

basins are both characterized by cold SST at the eastern boundaries with warm anomalies

to the west, accounting for -0.01°C and +0.01°C of the global-annual-mean SST, respectively.

Warm anomalies are widespread in the Atlantic Ocean. The largest warm anomalies are in

the northern subtropics, where the North Atlantic contributes +0.03°C, while the South

Atlantic contributes +0.02°C. The Indian Ocean presents contrasting warm anomalies in

the southwest and cold anomalies in the northeast, resulting in a basin-wide contribution of

+0.01°C. The Southern Ocean accounts for -0.02°C of the global-annual-mean SST. In total,

we estimate that internal variability accounted for +0.07°C on top of the forced component

of annual-global-mean SST in 2023.

Estimates of the forced component reveal persistent forced warming of global-annual-

mean SST over the past twenty years (Figure B.3). The forced component in 2023 is

estimated to be 0.10°C warmer than the forced component in 2022, and 2022 is estimated

to be 0.05°C warmer than 2021, while the estimated forced response changed by less than

0.03°C each year from 2016-2021. From 2000-2023, the forced climate is estimated to have

warmed by 0.4°C, a rate of approximately 0.2°C per decade.
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Figure 3.2: (a) Internal variability estimate for observed SST in 2023 attributes 0.07°C of the global-
mean SST to internal variability. (b) Regional contributions to the global-annual-mean SST anomaly
due to internal variability.

.
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3.4 Discussion

Our estimates of internal variability capture multi-annual, large-scale modes of vari-

ability like El Niño Southern Oscillation [ENSO; 99, 100] in the tropical PaciĄc, PaciĄc

Decadal Variability [PDV; 8, 101] in the North PaciĄc, and Atlantic Multidecadal Variability

[AMV; 15, 16] in the North Atlantic (Figure 3.1c-e). These modes of internal variability

possess characteristics that resemble the forced response [e.g., the pattern effect in the

tropical PaciĄc and aerosol forcings in the North Atlantic; 102, 103]. Our method captures

the cooling response of SST to the 1991 eruption of Mount Pinatubo, which resembled

patterns of internal variability [104]. Such a response to Mount Pinatubo is seen in the

observational record as well. Estimating the forced and internal components for the entire

ERSSTv5 record (1940-2023) reveals forced cooling in annual-global-mean SST following

the Mount Pinatubo eruption (Figure 3.3a). The identiĄcation of large-scale modes of

climate variability as internal variability, and the cool SST following the eruption of Mount

Pinatubo as the forced response, demonstrates that neural networks are well-suited for

differentiating between forced and internal patterns of change.

This study estimates that internal variability accounted for 0.07°C of the record-high,

global-mean SST in 2023. Internal variability of this magnitude does not fully explain that

global-mean SST was 0.14°C warmer than the previous record set in 2016. Performing

attribution on recent yearsŠ maps of global-annual-mean SST reveals a more complete story

(Figure 3.3a). In the last few years, internal variability has reduced annual-global-mean SST.

Global-mean internal variability in 2020, 2021, and 2022 was +0.03°C, -0.05°C, and -0.06°C,

respectively (Figure B.4; Figure B.5). This can be attributed to the cold phase of ENSO,

which is a strongdriver for unforced variability in annual-global-mean SST [105]. From2020

to 2022, the climate experienced a Ştriple dipŤ in cold-phase ENSO conditions [Figure B.5;

106], driving global-mean SST down and veiling the forced warming of global-mean SST

(Figure 3.3a, 3.3b). Thus, the combination of continued global warming [Figure 3.3a; 107]
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and the shift to warm-phase ENSO conditions [Figure 3.2; 108] caused the apparent sudden

increase in global-mean SST in 2023.

In addition to thewarm-phase ENSO in the tropical PaciĄc, the South PaciĄc, theAtlantic

Ocean, and the Indian Ocean also added to the warm anomaly in 2023 (Figure 3.2b). South

PaciĄc SST patterns resemble the negative phase of the Interdecadal PaciĄc Oscillation [IPO;

109, 110] while Indian Ocean SST patterns indicate a positive-phase Indian Ocean Dipole

[IOD; 111]. The Atlantic Ocean was characterized by wide-spread warmth, in part due to

the warm-phase of AMV [112]. Thus, the internally-driven warm anomalies in 2023 global-

mean SSTwere not only a product of awarm-phase ENSO event, but also a Śperfect stormŠ of

internal variability leading to anomalously warm conditions across the oceans worldwide.

This magnitude of global-mean internal variability is not an outlier in our observational

record. Our estimate that internal variability contributed +0.07°C to 2023 global-mean

SST can be compared with the conditions in 2015 and 1998 (Figure 3.3c-d). Both years

featured strong warm-phase ENSO events. In 2015, internal variability accounted for a

+0.11°C anomaly in global-annual-mean SST, while in 1998 internal variability accounted

for +0.09°C. What sets the climate of 2023 apart from the climates of 1998 and 2015, is

that its warm-phase ENSO event was much weaker than the events in 1998 and 2015 [113].

However, in 2023, warm anomalies in the other ocean basins assisted in elevating the

global-mean temperature.

Our results donŠt preclude the possibility that abrupt change has played a role in the

2023 SST. In fact, the estimated 0.1°C change in the global-annual-mean forced component

from 2022 to 2023 is the largest such change in our observational record (Figure B.3).

However, three periods (1987-1988, 1996-1997, 2015-2016) experienced comparable 0.07°C-

0.09°C changes in the forced component. The forced component estimate changed very

little from 2016 to 2021 before the rapid warming from 2021 to 2023. It is possible that the

forced response of SST was concealed during this period, but temperatures continued to

rise at depth [e.g., 107]. This speaks to how difficult attribution is, and emphasizes that
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our results suggest a rapid change in the detectability of the forced response in maps of

annual-mean maps of SST, but not necessarily an abrupt change in the forced response

itself.

A novel result of thiswork is that the neural network can separate internal variability and

the forced response when provided only a snapshot of annual-mean SST. Unlike traditional

methods for detecting the forced response, such as estimating the forced response as a

linear or fourth-order polynomial Ąt to the data, our approach does not have access to

time-varying information or recent trends in the climate. This is a much harder task, and

yet, this approach yields comparable skill to a fourth-order polynomial (Figure B.6). One

beneĄt of this sample-by-sample method is that it can detect abrupt year-to-year changes in

the forced climate since it does not make any assumptions about how the climate evolves

over time. This method is also robust against the availability of new observations. Where

re-Ątting a fourth-order polynomial to observations following the release of 2024 data

would cause the fourth-order polynomial, and thus the forced response estimate, to change,

our trained neural networks provide consistent estimates.

While this method provides skillful attribution for annual-mean SST, there are several

considerations for future study that may further improve its performance. Our method

only uses annual-mean maps of SST, but monthly or seasonal maps of SST may provide

the neural network with sub-annual patterns that could be useful for separating forced

and internal variability. Additional Ąelds [such as ocean heat content, precipitation or

soil moisture, e.g., 86, 107] may also contain unique patterns of internal variability and

forced change. However, providing the neural networks with more information is not

inherently beneĄcial, as it may lead to overĄtting. As with any data-driven method trained

on climate model simulations, this method requires that climate model representations of

annual-mean SST are consistent with observations. However, we have designed our neural

network to learn patterns of both the forced response and internal variability (Section B.1),
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Figure 3.3: (a) Estimated forced component of observed SST, 1940-2023. Estimated internal vari-
ability for (b) 2022, (c) 2015, and (d) 1998.

.

and thus these results are more nuanced than simply projecting the simulated patterns of

the forced response onto observations.

3.5 Conclusions

Annual-global-mean SST in 2023 was the warmest on record. This unprecedented

extreme has prompted questions of how much of this warming can be attributed to an

abrupt change in the forced response or internal variability [e.g., 66]. Our deep-learning

approach Ąnds that persistent forced warming of SST, combined with anomalously warm

conditions due to internal variability, is responsible for this record high. While our method

detects that the forced response of SST increased sharply between 2022 and 2023, similar

trends have been observed in recent years. Therefore we cannot attribute the record-high
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SST to an abrupt change in the forced response. Nevertheless, 2023 global-annual-mean

SST reached a level unseen in recent history, and attribution of such extremes can provide

insight into the behavior of our changing climate. Given the impacts associated with abrupt

forced change on human and natural systems, future climate should be closely monitored.
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Chapter 4: Data-driven predictions of the likelihood that

annual global mean temperature will exceed 1.5°C, 2.0°C in

the next decade

4.1 Summary

In accordance with the United Nations Paris Agreement, 194 nations have set a collective

goal to restrict global warming to Şwell below 2.0°CŤ relative to preindustrial temperatures

and pursue actions to limit warming to 1.5°C. The year 2023 saw the annual global mean

temperature approach, and by some estimates exceed, 1.5°C. Given the climate extremes

experienced in 2023, we seek to quantify the likelihood that a single year exceeds the Paris

Agreement thresholds in the near-term climate. Our analysis uses neural networks that are

trained on climate model simulations to make predictions based on historical observations.

We Ąnd that it is likely (81%-99%) that the global temperature will exceed 1.5°C at least once

over the next ten years (2024-2033), though it is unlikely (≤12%) that the temperature will

exceed 2.0 degrees. In addition, we are virtually certain (98%) to experience the warmest

year on record by 2033. Our conĄdence in these results is reinforced by the neural networksŠ

skillful observational hindcasts and physically consistent explanations of the networksŠ

decisions. The global temperature in 2023 was extremely warm relative to recent variability,

and our forecast suggests a high likelihood that 1.5°C will be crossed at least once in the

next decade, signaling the approach of a 1.5°C climate.

4.2 SigniĄcance

A 1.5°C increase in global temperature has signiĄcant consequences for ecosystems and

societies worldwide. To mitigate these impacts, 194 nations have signed the United Nations

Paris Agreement, aiming to hold global warming well below 2.0°C and pursue 1.5°C. Thus,

the timeline of when global temperatures will reach these temperature thresholds is of high
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scientiĄc and political interest. Given the climate extremes associated with the Ąrst single

year to exceed 1.5°C in 2023, our study uses neural networks to explore the likelihood that

the global temperature will exceed various temperature thresholds for at least one year in

the next decade. Our framework predicts a very high likelihood of record-breaking global

temperatures and signals the approach of a 1.5°C climate.

4.3 Introduction

In the 2010 Cancun Agreement, the United Nations Framework Convention on Climate

Change (UNFCCC) identiĄed a goal to restrict global warming to 1.5°C above preindustrial

temperatures [78]. In 2015, this global warming threshold was reaffirmed by the UN Paris

Agreement which set the goal of restricting warming to Şwell below 2.0°CŤ while pursuing

actions to limitwarming to 1.5°C [79]. Since the ParisAgreement, considerable attention has

been given to identifying the impacts and risks that surround global warming magnitudes

of 1.5°C, including the Intergovernmental Panel on Climate Change (IPCC) Special Report

on Global Warming of 1.5°C [SR15; 114]. Impacts associated with 1.5°C warming include

sea-level rise [115, 116], extremeprecipitation [117, 118, 119], drought [120, 121], heatwaves

[117, 122], and changes to terrestrial and marine ecosystems [123, 124].

The timeline of global warming is thus of high scientiĄc and political interest [80, 125,

126]. It provides a timeline for invoking various measures of mitigation and adaptation

[127] and informs decision-makers on the extent towhichwe have committed to irreversible

climate impacts [e.g., 128] and what emissions pathways are required to meet the Paris

Agreement goals [e.g., 129, 130]. This timeline is particularly relevant now. The year 2023

was the warmest in the modern record, and the annual global temperature approached,

and by some estimates exceeded, 1.5°C [131]. This annual global temperature record was

accompanied by major impacts globally, including heatwaves [132, 133], record-breaking

monthly temperatures [134, 135], and record-low sea ice extent in the Antarctic [136, 137].

The annual global temperature is the product of both the forced warming trend and
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temperature variability internal to the climate system [66], and while the 2023 global mean

temperature does not alone indicate that the mean state of the climate has approached

or breached the 1.5°C threshold [80] it may serve as a harbinger for future warming

[19, 125, 129].

The World Meteorological Organization (WMO), under the recommendation of the

World Climate Research Programme, develops predictions for the near-term global climate

using a multi-model ensemble of climate models that are initialized with observations

[19]. These initialized forecasts are made in real time and allow current knowledge of

Earth system variabilityŮŞinternal variabilityŤŮto guide the forecasts alongside external

forcings. Predictions of the state of the global climate for the next 5 years, including the

probability that annual global temperatures exceed 1.5°C at least once, are released annually

via the Global Annual to Decadal Climate Update. These near-term forecasts are framed

within the context of the Paris AgreementŠs 1.5°C threshold of warming to Şprovide a

warning that 1.5°C warming of the mean climate is being approachedŤ [19].

Climate models initialized with observations have difficulties retaining the important

information granted by those initial conditions due to the impacts of initialization shock

and climate model drift [6, 29]. Data-driven approaches offer cost-effective alternatives to

initialized decadal prediction systems while simultaneously circumventing some of these

issues intrinsic to initialized climate models [41].

In thiswork, we take advantage of the plethora of open-access climatemodel simulations

to make data-driven predictions of the likelihood that global temperature thresholds are

exceeded for at least one year in the near-term climate. Similar to the WMO approach,

these thresholds may be reached through a combination of the externally forced response

and internal climate variability. Our predictions are made with neural networks that use

the current state of temperature to predict the maximum annual global temperature over

the next one, Ąve, and ten years. Our neural networks are trained entirely on climate model

simulations and are then used to produce forecasts for the historical climate based on
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out-of-sample observational inputs. Through this process, our data-driven method mimics

the dynamical forecasts used in theWMOGlobal Annual to Decadal Climate Update, as our

method uses patterns learned from climate model physics to predict the future maximum

annual global temperature given observed initial conditions. We use these forecasts to

assess the likelihood that any single yearŠs annual global mean temperature will exceed

the Paris Agreement temperature thresholds in the near term.

4.4 Data-Driven Prediction Framework

Using machine learning, data from climate model simulations, and historical climate

observations, our analysis predicts the likelihood that 1.5°C, 1.7°C, and 2.0°C will be

exceeded for at least one year in the next N = 1, 5, 10 years. The neural networks in

this study make two predictions: 1) a ŞbaseŤ prediction, which is based only on the

relationship between the global mean temperature over the past 10 years and the maximum

annual global mean temperature over the next N years, and 2) a ŞĄnalŤ prediction, which

modiĄes the base prediction using recent initial conditions of temperature (Figure 4.1). Our

temperature initial conditions are maps of annual mean temperature the year preceding

the N-year forecast window. The predictions comprise two parameters, a mean (µ) and a

standard deviation (σ), which describe the central prediction and its uncertainty according

to a Gaussian distribution. The difference in the Ąnal prediction from the base prediction

is discussed in terms of a shift factor (∆µ, how µ changes with the addition of initial

conditions) and an uncertainty scaling factor (ϵ, what fraction of the base prediction

uncertainty remains with the addition of initial conditions). Integrating over the predicted

Gaussian for all values greater than a temperature threshold produces a likelihood that the

threshold will be exceeded for a given forecast (Figure 4.1b). (See Section 4.9 for further

details.)

Our neural networks are trained on climate models from the Coupled Model Inter-

comparison Project Phase 6 [CMIP6; 138]. We train on both the ŞhighŤ SSP3-7.0 forcing
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scenario as well as on the ŞintermediateŤ SSP2-4.5 forcing scenario [which have similar

global forcings over the next decade; 139], and Ąnd that the results are consistent (see

Chapter C). Despite differences between climate models, such as in the spatial pattern

and time evolution of temperature, the neural network produces skillful predictions for

climate models withheld from the training set (Figure C.1). To produce forecasts for the

observed Earth system, we then input observations of temperature into the trained neural

networks. To maintain consistency with the vocabulary of initialized dynamical forecasts,

we hereafter refer to this as Şinitializing the network with observations.Ť

4.5 Neural Network Hindcasts

We produce hindcasts by initializing the neural network with temperature observations

from 1980-2022. Our observational hindcasts skillfully predict the maximum annual global

temperature for one-, Ąve-, and ten-year prediction windows (Figure 4.2). The mean abso-

lute error (MAE) of the Ąnal neural network predictions is 0.06°C for one-year hindcasts,

0.08°C for Ąve-year hindcasts, and 0.07°C for ten-year hindcasts, meaning that the networkŠs

central estimates are close to the true observed values for all three prediction windows.

The errors in the central estimates are well captured by the prediction uncertainties. Across

all of the predictions, only one year falls outside the range of two standard deviations from

the central estimate: the one-year prediction of 1992, initialized with observations from

1991 (Figure 4.2Ab). Mount Pinatubo erupted in 1991 causing a decrease in global mean

temperatures thereafter [140, 141] and our neural network is not explicitly designed to

predict sporadic geological activity and its climate response.

This architecture, which makes a base prediction and a Ąnal prediction, separates the

contributions of the globalmean climate and current temperature patterns to the forecasts of

maximum annual global temperature. This introduces an element of interpretability to our

neural networks in that the networks inherently provide an explanation for their decisions

[25]. Comparing the base and Ąnal predictions reveals how the prediction changed once the
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Figure 4.1: (a) Final neural network architecture, including the base networkwhich is trained Ąrst on
the global annual mean temperature over the previous 10 years, and the shift factor and uncertainty
scaling factor layers of the Ąnal network which update the base prediction using the spatial patterns
of temperature during the most recent year. (b) Depiction of the process for converting a neural
network prediction into a likelihood. Here we show the likelihood the maximum temperature will
exceed 1.5°C for the period 2024-2028.

38



network was allowed to update its prediction given recent initial conditions of temperature.

We use two metrics to assess the skill of our predictions: MAE (°C), the mean absolute

error between the central prediction (µ) and the truth, and loss (unitless), which is the

negative log likelihood of the probability density of the predicted Gaussian evaluated at

the truth [142]. In the following, we Ąnd that initial conditions improve the skill of our

one-year forecasts, and to a lesser extent our Ąve-year forecasts, but do little to improve the

skill of our ten-year forecasts.

One-year hindcasts of global mean near-surface air temperature are highly sensitive

to the initial state of the climate the prior year (Figure 4.2A). The Ąnal network hindcasts

track the true temperatures much more closely than the base network hindcasts, as both the

loss (-1.08) and MAE (0.06°C) indicate improved performance on observations. Including

the temperature initial conditions as a predictor for the Ąnal network leads to ±0.2°C shifts

(∆µ) from the base prediction and half of the uncertainty (ϵ≈0.5) of the base prediction

(Figure C.2a). The Ąnal network is able to more conĄdently (ϵ<1) predict some of the

largest departures from the base network prediction, including the anomalously warm

1998 and 2016 El Niño years, and the anomalously cold 2011 La Niña year (Figure 4.2Ac-e).

Curiously, the Ąnal prediction does not predict a shift in the central estimate despite the

fact that the year 2023 is much warmer than the base prediction (Figure 4.2Af). Other

agencies failed to predict the 2023 temperature anomaly as well [66]. While there have

been theories that the warmer-than-expected global mean temperature in 2023 was the

result of anomalous external forcings, such as the Hunga TongaŰHunga HaŚapai volcanic

eruption in Tonga or decreased aerosol emissions from shipping, this is still an open area

of research [66, 68, 112].

Five-year hindcasts of maximum global mean temperature are slightly improved by

maps of annual mean temperature one year prior to the forecast window (Figure 4.2B). In

observations, recent temperature patterns are responsible for ±0.15°C shifts (∆µ) from the

base prediction and approximately 85% of the uncertainty (ϵ≈0.85) of the base prediction
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(Figure C.2b). Over the 1980-2020 hindcast period, the Ąnal network predictions were not

an improvement over the base network prediction, as the loss is nearly identical (-0.84).

However, we only have about eight independent samples in our observations (40 years

divided by 5-year forecasts), so the apparent lack of improvement may be due to the limited

sample size. The loss on the validation set (1,300 samples) decreases from -0.62 for the

base network to -0.70 for the Ąnal network (Figure C.1c,d).

While initial conditions modify the hindcasts for one- and Ąve-year prediction windows,

predictions of the ten-year maximum temperature are minimally impacted (Figure 4.2C).

The loss for the base and Ąnal networks are almost identical for both the 1980-2020 obser-

vations (Figure 4.2Ca,b) and the validation set (Figure C.1e,f). Though the Ąnal neural

network has access to spatial temperature information, it does little (∆µ<0.06, ϵ=1) to

modify the base prediction (Figure C.2c).

4.6 Neural Network Forecasts for 2024-2033

The neural network hindcasts show that our neural networks make skillful predictions

for the observed Earth system. Using the same neural networks we create near-term climate

forecasts for the real world. We initialize the neural network with temperature observations

from 2023 (Figure 4.3a) to produce forecasts of the likelihood of exceeding annual global

temperature thresholds over the next year (2024), the next Ąve years (2024-2028), and

the next ten years (2024-2033). We express these forecasts in relation to preindustrial

temperatures by using the Berkeley Earth estimate that 2023 was 1.54°C warmer than

preindustrial temperatures and express likelihood using the IPCC guidance for consistent

treatment of uncertainties [143]. Our forecasts suggest that it is likely (70%) that the global

mean temperature in 2024 exceeds 1.5°C, though it is unlikely (4%) and exceptionally unlikely

(<1%) that the global mean temperature in 2024 exceeds 1.7°C and 2.0°C, respectively

(Figure 4.3b). In addition, this analysis predicts that it is as likely as not (53%) that 2024

will be the warmest year on record.
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Figure 4.2: Hindcasts of the (A) 1-year, (B) 5-year, and (C) 10-year maximum annual global mean
temperature for (a) the base network, and (b) the full network initialized with temperature data
from BEST. Hindcast predictions for periods beginning in (c) 1998, (d) 2011, (e) 2016, and (f) 2023.
The global mean temperature for 2023 (1.54°C) is indicated on the plots for prediction periods that
cannot yet be veriĄed.
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Figure 4.3: (a) BEST mean temperature for 2023 relative to the 1980-2010 mean. Predictions of
maximum annual global mean temperature over the next one (b), Ąve (c), and ten (d) years.
Likelihoods of exceeding 1.5°C, 1.7°C, and 2.0°C are indicated on b-d.

Looking out over the next Ąve years (Figure 4.3c), it appears very likely (92%) that at

least one annual global temperature between 2024 and 2028 will exceed 1.5°C, though it is

still unlikely (38%) that the annual temperature will exceed 1.7°C, and exceptionally unlikely

(<1%) that the annual temperature will exceed 2.0°C (Figure 4.3c). However, it is likely

(85%) that one year in the next Ąve will be the warmest since 1850.

Over the next decade (2024-2033), it is virtually certain (99%) that at least one year will

exceed 1.5°C (Figure 4.3d). The annual global temperature is likely (81%) to surpass 1.7°C

in the next ten years and it is very likely (98%) that we will experience the warmest year on

record, but it is still unlikely (12%) that the global temperature will surpass 2.0°C.

These results come with the consideration that they are based on the Berkeley Earth

estimate of preindustrial temperature, which is just one of many estimates. While the

Paris Agreement does not explicitly deĄne which measure of Şpreindustrial temperatureŤ
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should be used to calculate global warming to date, the IPCC and many other entities

use the 1850-1900 period to deĄne the preindustrial mean global temperature [144, 81].

However, even deĄning the preindustrial temperature as the global mean temperature

from 1850-1900 leaves considerable uncertainty. Estimates across agencies suggest that

2023 was anywhere between 1.34°C and 1.54°C warmer than the 1850-1900 average [131].

This 0.2°C range can lead to very different mitigation and adaptation timelines [145] and,

in the context of temperature forecasting, it can lead to different likelihoods of exceeding

speciĄc temperature thresholds.

Other productsŠ estimates of the 1850-1900 baseline temperature are warmer than

Berkeley EarthŠs (these estimates are provided in Materials and Methods). The forecasted

likelihoods of exceeding 1.5°C, 1.7°C, and 2.0°C given the six agenciesŠ estimates of the

1850-1900 global temperature are shown in Table 4.1. Across these estimates, there is a

4%-70% likelihood the global temperature exceeds 1.5°C in 2024. The likelihood that the

2024 global temperature exceeds 1.7°C is ≤4%, and the likelihood it exceeds 2.0°C is <1%.

In the next Ąve years (2024-2028), the ranges of likelihood that at least one year exceeds

1.5°C, 1.7°C, and 2.0°C are 38%-92%, 2%-38%, and <1%, respectively. In the next ten years

(2024-2033), the ranges of likelihood that at least one year exceeds 1.5°C, 1.7°C, and 2.0°C

are 81%-99%, 31%-81%, and ≤12%.

These results are robust to the choice of observational data set (Figure C.3), the choice

of the forcing scenario used for training (Figure C.4), and hyperparameter decisions, such

as the train/validation split and the seed used to initialize the networksŠ weights and biases

(Text S1-S2). In addition, we use an explainable artiĄcial intelligence (XAI) method to

further explain the neural networksŠ decisions and increase our trust in these forecasts.

The Integrated Gradients XAI method [146, 147] identiĄes which regions of the globe are

most important for the neural networksŠ predictions. The resulting XAI heatmap reveals

regions in the temperature initial conditions that contributed to a shift (either warmer or

cooler) in the Ąnal networkŠs prediction (Figure 4.4). For the one-year forecast of 2024, the
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tropical PaciĄc contributes to a warmer prediction. For the Ąve-year forecast for 2024-2028,

the North Atlantic and the North PaciĄc contribute to a warmer prediction, while the

Weddell Sea and the Greenland Sea comprise areas that contribute to both warmer and

cooler predictions. XAI heatmaps highlighting which regions are responsible for changes

in the uncertainty of the Ąnal prediction can be found in Figure C.5.

4.7 Discussion

In this work, we use neural networks that are trained on climate model simulations

of temperature to make near-term forecasts of the maximum annual global temperature

over the next one, Ąve, and ten years, using observed temperature data as input. Our

neural networks take two inputs, the global mean temperature over the last ten years and

the spatial patterns of temperature over the previous year. By using recent temperature

observations as input, our method allows initial conditions to inform the forecasts, which

aligns with the procedure of initialized decadal prediction.

There are some clear beneĄts to this data-driven approach. Whereas initialized decadal

prediction systems are computationally costly to run, these data-driven networks can be

trained on a standard workstation using publicly available climate model output. In addi-

tion, this method learns patterns from a suite of 30 climate models with different behaviors

and representations of the climate system. Unlike forecasts from a single initialized climate

model, the neural network may identify distinct patterns within subsets of the CMIP6 simu-

lations. The neural network may then use patterns from climate models that most resemble

those seen in observations (e.g., in their representation of global temperature variability)

rather than allowing each climate model to contribute equally. Thus, our method is more

nuanced than taking the average prediction across 30 climate models.

While the Paris Agreement sets a goal to restrict global warming to 1.5°C andwell below

2.0°C relative to preindustrial temperatures, it does not explicitly deĄne the preindustrial

temperature baseline to use. Estimates of the 1850-1900 preindustrial temperature, and
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Figure 4.4: XAI heatmaps for forecasts of maximum global temperature over the next (a) one, (b)
Ąve, and (c) ten years. Reds indicate regions where the climate patterns contribute to a warmer
central prediction and blues indicate regions where the climate patterns contribute to a cooler
central prediction.
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estimates of the global warming to date, vary considerably between products. However,

regardless of which estimate of the preindustrial temperature we use for our forecasts,

the general conclusion remains the same. We Ąnd it likely (81%-99%) that 1.5°C will be

exceeded for at least one year in the next decade, though it is unlikely (≤12%) that 2.0°C

will be exceeded. These forecasted likelihoods indicate that future years will break the

global temperature record set in 2023. Furthermore, the high likelihood that at least one

year will exceed 1.5°C, paired with the fact that 2023 was extremely warm relative to recent

variability, signals the approach of a 1.5°C climate [125].

Our method performs well on historical observations, and there is still a possibility for

further improvements. Decadal prediction systems use several atmospheric and oceanic

variables to initialize their dynamical models. In this work, we have used only patterns

of near-surface air temperature to initialize our data-driven forecasts. Near-surface air

temperature, which is highly correlated with sea surface temperature and also provides

terrestrial temperature information, is useful for predictions on multi-annual timescales

[6]. Oceanic variables, such as ocean heat content or sea surface height, could contribute

to further predictive skill [e.g., 20, 148]. In addition, our initial conditions comprise annual

mean Ąelds of temperature, though each season may provide different information that is

useful for predicting maximum annual global temperature. We leave these reĄnements of

the input variables for future exploration.

Our conĄdence in these predictions, which comes from the skill of the neural networks

on validation data and historical observations (Figure C.1; Figure 4.2), is further reinforced

by the fact that the explanations of the neural networksŠ decisions are consistent with

knowledge of the climate system. Explanations of the neural networksŠ decisions are

important for assessing the trustworthiness of the predictions (that is, to verify that the

neural network is making the right predictions for the right reasons) as well as to further

our scientiĄc understanding [24, 25, 26]. Here, our explanations come from two sources:

interpretability provided by the neural network architecture and an XAI method. The
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Table 4.1: Likelihoods of exceeding 1.5°C, 1.7°C, and 2.0°C over the next one, Ąve, and ten years,
from the Ąnal network. These likelihoods vary based on each agencyŠs estimate of the 1850-1900
preindustrial baseline temperature. Regardless of the baseline, the neural network predicts we are
likely to exceed 1.5°C, but very unlikely to exceed 2.0°C, in the next 10 years.

2024
Threshold BEST ECMWF HadCRUT WMO NASA NOAA
1.5°C 70% 44% 35% 31% 8% 4%
1.7°C 4% <1% <1% <1% <1% <1%
2.0°C <1% <1% <1% <1% <1% <1%

2024-2029
Threshold BEST ECMWF HadCRUT WMO NASA NOAA
1.5°C 92% 81% 76% 73% 48% 38%
1.7°C 38% 21% 16% 14% 4% 2%
2.0°C <1% <1% <1% <1% <1% <1%

2024-2033
Threshold BEST ECMWF HadCRUT WMO NASA NOAA
1.5°C 99% 97% 96% 95% 86% 81%
1.7°C 81% 68% 63% 61% 39% 31%
2.0°C 12% 6% 4% 4% <1% <1%

explanations provided by the interpretable element of the network architecture reveals that

initial conditions aremore useful for our one-year forecasts than our ten-year forecasts. This

is consistent with our knowledge that chaos in the Earth system reduces the predictability

added by initial conditions at longer leads [36]. Furthermore, the regions highlighted

by the XAI method are consistent with known precursors for global mean temperature

on multi-annual timescales. These include El Niño Southern Oscillation in the tropical

PaciĄc [105] [e.g., 149, 150, 112], Atlantic Multidecadal Variability in the North Atlantic

[151, 15, 16] [e.g., 152, 153, 154], and PaciĄc Decadal Variability in the North PaciĄc [8, 101]

[e.g. 150, 153, 154, 155]. The Weddell and Greenland seas may too be related to Atlantic

Multidecadal Variability [e.g., 156, 22], via teleconnections such as through the Atlantic

Meridional Overturning Circulation [157]. These are also regions that exhibit signiĄcant

temperature variability related to changes in sea ice extent [158, 159], which may be useful

for our neural network predictions.
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4.8 Conclusions

The UN Paris Agreement set an international goal to restrict global warming to Şwell

below 2.0°CŤ relative to preindustrial temperatures while pursuing actions to limit warm-

ing to 1.5°C [79]. Using neural networks trained on climate model simulations, we create

data-driven forecasts to predict the likelihood that a single annual global mean temperature

anomaly will exceed these temperature thresholds in the near-term climate. Despite the fact

that the global temperature in 2023 was extremely warm relative to recent variability [66],

our forecasts indicate that annual global temperature will reach new extremes in the next

decade. ConĄdence in these forecasts is reinforced by skillful predictions on out-of-sample

historical observations and physically consistent explanations of the neural networksŠ deci-

sions. Furthermore, these Ąndings are robust across estimates of preindustrial temperature,

forcing scenarios, and observational products. Our predictions of the likelihood that annual

global temperature anomalies will exceed speciĄc temperature thresholds do not indicate

that the UN Paris Agreement will be exceeded in the next decade, as the Paris Agreement

thresholds generally refer to the average temperature anomaly over 20 years [e.g., 80, 81].

However, our forecasts do indicate the proximity of the annual global mean temperature

to the Paris Agreement threshold [125] and signal the approach of a 1.5°C climate. Given

the substantial impacts on global ecosystems and societies that are likely to occur with

long-term warming of 1.5°C [114], our results suggest a trend towards intensiĄed climate

risks in the coming years.

4.9 Materials and Methods

4.9.1 Datasets

We use near-surface air temperature data from simulations of historical and future

forcing scenarios made available by the CMIP6 [138]. The CMIP6 archives the state-of-the-

art climate model simulations used in the IPCC Assessment Report 6 [81]. The simulations

of temperature under historical forcings cover the years 1850-2014; the future forcing
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scenarios cover the years 2015-2100. We use two future forcing scenarios, SSP3-7.0 and

SSP2-4.5, which are identiĄed as the high and intermediate forcing scenarios by the IPCC

[95].

In addition to simulated climate data, we use historical temperatures from three obser-

vational data sets in this study. These are the Berkeley Earth Surface Temperature [BEST;

160], the European Centre for Medium-Range Weather Forecasts Reanalysis version 5

[ERA5; 161] and the Goddard Institute for Space Studies Surface Temperature product

version 4 [GISTEMPv4; 162, 163]. We re-grid all data to 2.5°latitude by 2.5°longitude using

the ESMF_regrid package in the NCAR Command Language.

4.9.2 Data Preparation

We use simulations from 30 climate models, one realization each, for training the neural

network. This ensures that our training set covers a wide range of climate models, which

have different biases and representations of forced change and internal variability. We

use 20 climate model simulations as our training set, while 10 others are withheld as

a validation set. The climate models, as well as whether they appeared in the training

or validation set, can be found in Section C.1. We concatenate the historical and SSP3-

7.0 forcing scenarios and train on the period 1950-2080. This training period includes

annual global temperature anomalies ranging from -0.1°C to 5.2°C. Our neural networks

are designed to make forecasts for the near-term climate (2024-2033) and hindcasts for

the historical climate (1980-2023), and this range of years in the training set guarantees

that we capture the lowest annual global mean temperature in the 1980-2023 historical

observations (0.46°C) as well as our highest temperature threshold (2.0°C). In addition to

results for neural networks trained on the historical and SSP3-7.0 forcing scenarios, which

are presented in the main text, we also show the results for a training set comprising the

historical and SSP2-4.5 forcing scenarios in Figure C.4.
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For both the inputs and outputs of the neural network, we normalize the data by com-

puting the anomalies for each climate model or observational data set relative to its own

1980-2010 mean. Thus, the neural networkŠs prediction of maximum global mean tempera-

ture is relative to the 1980-2010 mean. We then convert the predictions to a departure from

the preindustrial baseline temperature from 1850-1900 by adding the estimated tempera-

ture difference between 1850-1900 and 1980-2010. As discussed in the next section, this

estimate varies across observational products.

4.9.3 Annual Global Mean Temperature Anomalies

We use the period 1850-1900 to determine the preindustrial temperatures as it is a

period before the majority of anthropogenic warming [144] and was used by the IPCC

Assessment Report 6 [81]. Given the sparsity of surface temperature observations in

the period 1850-1900, different products have different estimates of the 1850-1900 global

mean temperature. We use six different estimates of the 1850-1900 temperature which

come from the following agencies and products: the U.S. National Oceanographic and

Atmospheric Administration (NOAA) Merged Land Ocean Global Surface Temperature

Analysis version 5 [NOAAGlobalTemp v5; 164, 165], the U.S. National Aeronautics and

Space Administration (NASA) Goddard Institute for Space Studies Surface Temperature

product version 4 [GISTEMPv4; 162, 163], the World Meteorological Organization (WMO)

average of six datasets [166], Met Office Hadley Centre Climatic Research Unit Global

Surface Temperature version 5 [HadCRUT5; 167], the European Centre for Medium-Range

Weather Forecasting (ECMWF) Reanalysis version 5 [ERA5; 161], and BEST [160, 131].

We use the NOAA estimate that the 1980-2010 period was 0.57°C warmer than 1850-1900,

the NASA estimate of 0.60°C, the WMO estimate of 0.68°C, the Met Office Hadley Centre

estimate of 0.69°C, the ECMWF estimate of 0.71°C, and the BEST estimate of 0.77°C [131].
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4.9.4 Neural Networks

We train our neural networks on two inputs: the ten-year global mean temperature

and the map of annual mean temperature directly preceding the forecast window. The

base neural network (Section 2) takes only the ten-year global mean temperature as input.

This is passed through trainable fully connected dense layers en route to outputting two

values, a mean (µb) and a standard deviation (σb), representing the mean and standard

deviation of a Gaussian distribution. As shown in Figure C.6, this Gaussian distribution is

appropriate for predicting global maximum temperature over the one-, Ąve-, and ten-year

forecast windows. Once trained, the weights of the base network layers are frozen. The

base network is a sub-model of the Ąnal neural network, and its output is used en route to

the Ąnal prediction (Figure 4.1). The Ąnal network comprises two main components which

update the base network prediction: the shift factor layers and the uncertainty scaling

factor layers.

The shift factor layers take the annual mean map of temperature as input. This input

is passed through a set of dense layers. The base predictions (µb, σb) are concatenated to

the Ąnal layer of this Ąrst set of dense layers, then fed through a second set of dense layers.

At the end of the second set of dense layers, the network outputs a shift factor, ∆µ. The

same procedure is used for the uncertainty scaling factor layers en route to the uncertainty

scaling factor output ϵ. The Ąnal prediction from the neural network uses both the base

prediction (µb, σb) and the shift and scaling factors (∆µ, ϵ) to produce a Ąnal prediction

where the Ąnal prediction mean µ = µb + ∆µ and the Ąnal prediction standard deviation

σ = ϵσb. The layers used to learn ∆µ and ϵ are trained separately to prevent the network

from learning one parameter at the expense of the other. This training procedure and the

neural network architecture are further discussed in Section C.1.

The neural networks are coded and trained using TensorĆow 2.7.0 and TensorĆow-

Probability 0.15.0. The neural networks underwent extensive hyperparameter tuning,

which is described in further detail in Section C.2. The neural network forecasts vary
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slightly for different architectures and hyperparameter choices. The predictions from the

neural networks chosen for this paper are representative of the results across hyperparam-

eter choices while also performing well on the validation set of climate models and on

observational hindcasts (Figure C.7). The hyperparameters and search space for each of

the neural networks can be found in Tables C.2 and C.3.

4.9.5 XAI Heatmaps

We use the XAI method Integrated Gradients [146, 147] to explain what temperature

initial conditions are important for the forecasts of global maximum temperature for 2024

and beyond. Integrated Gradients is an attribution method which attempts to predict

how the temperature at each grid point contributes to the Ąnal prediction relative to the

prediction for a reference state. We identify our reference state by linearly regressing

observed maps of annual mean temperature on the ten-year global mean temperature.

Our reference state is the map corresponding with the ten-year (2014-2023) global mean

temperature. Positive regions in the heatmap can be interpreted as highlighting where

temperature anomalies in the initial conditions cause the Ąnal network prediction to be

warmer than the reference state. The interpretation is opposite where the heatmap is

negative.

4.9.6 Data, Methods, and Software Availability

Code is available on GitHub at https://github.com/jaminrader/TemperatureThreshol

ds2024.
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Chapter 5: Conclusion

This dissertation explores how interpretable neural networks can be used for skillful,

trustworthy, and insightful seasonal-to-decadal climate prediction. Chapter 2 outlines a

methodology that epitomizes the bridging of human and artiĄcial intelligence (AI) in

climate science. In thiswork, I combined an intuitive forecastingmethod, analog forecasting,

with a neural network to improve predictions on seasonal-to-decadal timescales. This neural

network learned a weighted mask, which allowed analogs to be selected based on regions

that are important for predictability while ignoring regions that are not. I found that the

weighted analogs deliver more skillful forecasts than traditional model-analog methods,

while providing inherent interpretability in the form of the weighted mask. In addition

to an improved forecast, the weighted mask highlighted important precursor regions of

seasonal-to-decadal climate variability, contributing valuable insight into the behavior of

our teleconnected climate system. These precursors were consistent with known drivers of

enhanced predictability, building trust that these improvements to analog forecasting are

consistent with real-world physics.

The work in Chapter 2 has opened several avenues for future research. While this

neural network-informed analog forecasting approach highlights precursor regions, it

does not explicitly describe why these precursors enhance predictability. The weighted

mask in this work is Ąxed, requiring that the neural network identify the same precursor

regions regardless of the climate state. Given that different phases of internal variability

may have unique drivers (e.g., a warm-phase ENSO event may have different precursors

than a cold-phase ENSO event), state-dependent weighted masks may allow for even

further improved analog forecasting. Indeed, these results have already prompted others

to investigate how neural network-learned state-dependent masks can improve analog

forecasts and help us understand the dynamics behind predictable patterns of climate

variability in our atmosphere and oceans [e.g., 168]. Model analogs have also recently been
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extended to other problems, such as understanding the drivers of Ąre weather conditions in

the United States [169], suggesting that this approach could be used to identify precursors

of climate extremes.

Chapter 3 extended the idea of bridging human and artiĄcial intelligence to the very

current issue of global warming. Motivated by the ForceSMIP workshop [89], I used

neural networks to separate the forced and internal components of climate variability

and provide attribution for the record-high SST in 2023. This chapter found that internal

variability was responsible for warm anomalies in the PaciĄc, Atlantic, and Indian Oceans,

which, on top of the global warming signal, led to the unprecedented warmth in 2023.

This methodology demonstrated that neural networks can skillfully learn time-evolving

patterns of internal and forced change from single maps of annual-mean SST. The patterns

of internal variability identiĄed by the neural network, and comparison with similar past

events, provide insightful and trustworthy context for the current state of the climate.

While the Paris Agreement establishes an international goal to restrict the magnitude

of global warming to well below 2.0°C, there is not a widely agreed-upon way to assess the

current magnitude of global warming. Active monitoring of the climate is necessary for

informing climate change policy and mitigation efforts. Chapter 3 emphasized that neural

networks may be used to detect climate change since they can identify complex patterns

and separate internal variability from the forced response. However, for neural networks to

be used for climate monitoring, they must be developed with interpretability, such that the

global warming estimates can be trusted by the scientiĄc community and beyond. Future

work incorporating novel machine learning techniques [e.g., 170] and additional climate

Ąelds, may produce unique perspectives for our changing environment.

Transitioning from the present state of the climate to the future state of the climate,

Chapter 4 provided data-driven predictions of the likelihood that annual-global-mean

surface temperature will exceed 1.5°C (and 2.0°C) relative to preindustrial conditions.

This work showed that neural networks trained on publicly available climate model data
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can provide skillful forecasts of annual-global-mean temperature out to 10 years. The

interpretable component of the neural network architecture provided insight into how

initial conditions inform decadal forecasts. While initial conditions constrained forecasts

of annual-global-mean temperature out to Ąve years, they did little to improve ten-year

forecasts. Trust in these results comes from the fact that theyŠre consistent with chaos theory

and recent literature [36, 17].

The data-driven forecasts of annual-global-mean temperature contained in Chapter 4

are remarkably similar to the dynamical forecasts of theWorldMeteorological Organization

(WMO). This data-driven approach suggests that there is a 73% likelihood that global-mean

temperature exceeds 1.5°C in the next Ąve years, and an 85% chance that we experience the

warmest year on record. TheWMOpredicts 80% and 86%, respectively [171]. This provides

two lines of evidence that annual-global-mean temperature will likely exceed 1.5°C in the

next decade. The fact that data-driven forecasts are far less computationally expensive, but

give the same results, demonstrates that operational forecasting could include interpretable

neural networks, both for making and explaining predictions out to 10 years.

Neural networks are powerful tools for prediction. When properly designed, they

are skillful, insightful, and trustworthy. This dissertation showed that interpretable neural

networks can identify teleconnections and precursor patterns in the ocean and atmosphere,

separate internal variability and the forced response, and make faithful estimates of climate

out to ten years, at minimal computation expense. Interpretable neural networks create

new opportunities for seasonal-to-decadal prediction, enabling skillful forecasting and

a more complete understanding of the climate system we live in. Building and using

interpretable neural networks requires intention and intuition, thus it is imperative that

AI climate research include domain scientists trained in climate dynamics and change.

Interpretable neural networks facilitate deeper discovery of our chaotic, interconnected,

predictable Earth.
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Appendix A: Supporting Information for Chapter 2

A.1 Neural Network Training and Hyperparameter Tuning

The interpretable neural network architecture, shown in the blue box of Figure 2.1, is

composed as follows.

1) The neural network receives two input samples, such as two global maps of sea surface

temperature (SST), which are associated with two targets, such as the SST anomaly in the

North Atlantic over the following Ąve years.

2) The input samples are each multiplied by an array of trainable weights that have the

same dimensions as the inputs. Each input sample is multiplied by identical trainable

weights.

3) The mean squared error (MSE) between the two input*weights layers is calculated.

4) The computed MSE is fed into a series of fully-connected dense layers. These dense

layers are intended to Ąnd a relationship between the weighted MSE and the absolute

difference between the targets associated with each of the inputs (which is the predictand

for this neural network task).

There are four main tunable parameters for the interpretable neural network: the

learning rate, the L2 regularization applied to the mask (acts to smooth out the weights

and reduce overĄtting), the size of the dense layers, and the activation function for the

dense layers.

A different neural network architecture is tuned for each prediction problem. The pre-

diction problems/experiments are: EXP-Niño, predicting NDJFM Niño3.4 SST anomalies

given global NDJFM SST one year prior, and EXP-NorAtl, predicting 5-year SST anomalies

in the North Atlantic given global SSTs in the Ąve years prior. In Figure A.5, we also show

results for EXP501 - predicting 5-year SST anomalies in the North Atlantic given global

SSTs in the Ąve years prior and the difference between the global SSTs in the Ąve years

prior and the period 3-7 years prior (i.e. the sea surface temperature tendency). The same
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hyperparameters that were tuned for EXP-NorAtl are used for EXP501.

To tune each experiment the following procedure was performed:

1) Tune the neural network using the constants in Table A.1 and the hyperparameter search

space in Table A.2. Train 100 total models and assess their loss on validation data (not used

for training or early stopping). This is the base hyperparameter search, and will be used to

constrain the search space for more tuning.

2) Identify the top-10 models in terms of validation loss from the base hyperparameter

search. Constrain the hyperparameter space to the ranges of hyperparameters that ap-

peared in these 10 best models. This constrained hyperparameter space is referred to as

the ŞreĄnedŤ hyperparameter space. For the dense layers, all conĄgurations are retained

that have a number of trainable parameters captured by the minimum and the maximum

number of trainable parameters within the dense layers (not including the input weights)

of the 10 best models.

3) Tune the neural network by training 100 new models using a random search of the

reĄned hyperparameter space in Tables A.3- A.4.

The hyperparameters associated with the model with the best validation loss in the reĄned

search were used for the results. These are shown in Tables A.5- A.6. The results for

models using the random seed of 0, which is important for the initialization of weights

and the random selection of samples for neural network training, are shown in the main

text. Additionally, the results for models trained with the random seeds of 10, 20, 30, 40,

50, 60, 70, 80, and 90 can be found here in Figures A.1 and A.2.

A.2 Neural Network Overview

The description of the mean target evolution baseline was withheld from the main text,

and is instead supplied here. We make a mean target evolution forecast by Ąrst binning
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the samples in the training set based on the target values during the input period. The mean

evolution of each bin is determined by taking all the samples within that bin and calculating

the mean target value during the forecast window. The mean target evolution forecast is

made by then identifying which bin each sample from the test set falls into, and using the

mean evolution of that bin as the prediction.

In addition to the baselines in the main text, we present one additional baseline in the

supplement: the skill of a Şvanilla model." The vanilla model is your typical feed forward

artiĄcial neural network. Given a state of interest as input, the vanilla model is tasked to

predict the target. It is not constrained to follow the analog framework.

A.3 Application to Observations

We apply the weighted mask, learned on the MPI-GE, to predict the SST in the North

Atlantic over Ąve-year periods in observations. Here, we use the European Centre for

Medium-RangeWeather Forecasts Reanalysis version 5, ERA5, as observations [161]. Since

we separated MPI-GE into its forced and unforced components, and we do not know

the true forced signal in observations, we elected not to remove the forced signal within

observations. We standardized the observations relative to the MPI-GE mean and standard

deviation. The predictions for observations of 5-year North Atlantic SST is shown in

Figure A.7. These results are compared with the decadal forecasts of CFSv2-2011 which

was initialized for hindcasts every Ąfth year between 1960 and 2005 [18]. In this limited

sample size, we Ąnd that the weighted analogs do a decent job of predicting observations

relative to the initialized CFSv2 hindcasts (Table A.7). ERA5 SST data can be found on

Copernicus Climate Data Store (https://cds.climate.copernicus.eu) and CFSv2 data was

provided by the Earth System Grid Federation (https://esgf-node.llnl.gov/projects/esgf-

llnl/).
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FigureA.1: Mean variance of the targets associatedwith the top-N analogs across all testing samples.
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Figure A.2: EXP-NorAtl: results for neural networks trained on nine different seeds. (a) Nine neural
networks trained on different seeds show striking consistency in their weighted masks. (b) Skill
scores for the average of the top-10 analogs. In all cases, the highest skill comes from the vanilla
model, followed by the analog models. The masked analog outperforms the baselines discussed in
the main text.
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Figure A.3: EXP-Niño: results for neural networks trained on nine different seeds. (a) Changing the
seed used for the neural network training results in slight variation in the weighted mask. However,
all weighted masks highlight the central tropical PaciĄc, western PaciĄc, Baja coast, and central
Atlantic as the most important (though to varying degrees). (b) Skill scores for the average of the
top-10 analogs. The vanilla model outperforms the weighted mask analog model across the board.
In all cases the masked analog outperforms the baselines discussed in the main text.
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Figure A.4: The skill of an analog forecast for EXP-Niño using the weighted mask when the smallest
weights are set to zero. The horizontal line indicates the forecasting skill before the weighted mask
has been altered. The vertical line indicates the forecasting skill using a weighted mask where the
smallest 95 percent of the weights have been set to zero. Removing the smallest weights does not
have much of an impact on forecasting skill, and may even improve it. These results are for the
validation data set.
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Figure A.5: (a) Weighted masks for EXP501. (b) Skill scores for EXP501 versus various baselines.
Adding an SST tendency input Ąeld did not notably impact forecasting skill in this problem.
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Figure A.6: Correlation coefficients for predictions made by analog forecasts for EXP-NorAtl and
EXP-Niño.
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Figure A.7: The mean prediction from the top 10 MPI-GE weighted analogs and four members of
CFSv2 for multi-year prediction of the observed (ERA5) North Atlantic. The large dots indicate the
predictions during years that CFSv2 was initialized while the small dots indicate the intermediate
years. The shading reĆects the minimum and maximum predictions of the 10 weighted analogs
and the four CFSv2 members.

94



Table A.1: Constant values for all neural networks trained.

Table A.2: Base hyperparameter search space for identifying the best neural network architecture
for each experiment.
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Table A.3: ReĄned hyperparameter search space for EXP-Niño (seasonal prediction of El Niño
Southern Oscillation).
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Table A.4: ReĄned hyperparameter search space for EXP-NorAtl (decadal prediction of the North
Atlantic).
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Table A.5: Chosen hyperparameters for EXP-Niño (seasonal prediction of El Niño Oscillation).
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Table A.6: Chosen hyperparameters for EXP-NorAtl (decadal prediction of the North Atlantic).
These were also the hyperparameters used for EXP501 (decadal prediction of the North Atlantic
with a time lag inputŰsee Figure A.5).
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Table A.7: MAE skill score and PearsonŠs corrleation coefficient for observational predictions using
MPI-GE analogs with the weighted mask, compared to a globally uniform analog and CFSv2
(without volcanic forcing). Note that the skill score and correlation is calculated for every Ąfth
year between 1960 and 2005 because CFSv2 was only initialized in these years. The skill scores and
correlations for CFSv2 with volcanic forcing, which are not included here, were lower than CFSv2
without volcanic forcing.
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Appendix B: Supporting Information for Chapter 3

B.1 Learning Patterns of Internal Variability and the Forced Response

We assess the extent to which our neural network architecture has learned patterns

of internal variability by creating a validation set using eight of the members from each

climate model ensemble. In these eight ensembles, we shuffle the internal variability

across time at each grid point. In this way, we remove coherent spatial patterns of internal

variability, such that the maps of annual-mean SST look like noise on top of the forced

response (Figure B.7). We then make estimates for these maps with shuffled internal

variability using our trained neural networks. Figure B.8 shows the skill of our neural

networks using leave-one-out cross-validation on the validation sets without shuffling and

the validation sets with shuffling. The neural networks perform poorly on these maps

with shuffled internal variability, suggesting that the neural network is learning patterns of

internal variability. This is not the case for a simple linear model with a skip connection,

which has comparable skill for both the maps with physically consistent patterns of internal

variability and shuffled internal variability, suggesting it has only learned patterns of the

forced response. There are other reasons that a neural network may not perform well on

maps with shuffled internal variability, since they fall outside of the training distribution.

However, it provides one line of evidence that the neural network has learned patterns of

internal variability.

B.2 Neural Network Architecture

Our neural network architecture consists of the following layers:

• Input

• Encoding1 - Convolution 3x3

• Encoding2 - Convolution 3x3

• Pool1 - MaxPool 2x2
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• Encoding3 - Convolution 3x3

• Encoding4 - Convolution 3x3

• Pool2 - MaxPool 2x2

• Dense1 - 100 Dense Nodes

• Dense2 - 100 Dense Nodes

• Dense3 - 100 Dense Nodes

• Dense4 - 100 Dense Nodes

• Dense5 - 100 Dense Nodes

• Reshape - Reshape to Dimensions of Pool2

• Concatenate1 - Concatenate [Reshape1, Pool2]

• Upsampling1 - Upsample 2x2

• Decoding1 - Transpose Convolution 3x3

• Decoding2 - Transpose Convolution 3x3

• Concatenate2 - Concatenate [Decoding2, Pool1]

• Upsampling2 - Upsample 2x2

• Decoding3 - Transpose Convolution 3x3

• Decoding4 - Transpose Convolution 3x3

• Concatenate3 - Concatenate [Decoding4, Input]

• Decoding5 - Transpose Convolution 1x1

All Dense layers used a tanh activation function, and their weights and biases were

initialized using a random normal distribution. All 3x3 Convolutions and Transpose

Convolutions consisted of 32 Ąlters and a stride of one, and used a relu activation function,

the weights were initialized using a Glorot uniform distribution and the biases were

initialized at zero. The Decoding5 layer used a linear activation function and one Ąlter, but

was otherwise the same as the other Decoding layers.
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B.3 Neural Network Tuning

We explored a vast array of neural network architectures for this study which are shown

in Figure B.9 and Table B.1. Our goal was to select a neural network architecture that was

both skillful on out-of-sample climate model data and learned patterns of both internal

variability and the forced response. Since climate models have similar biases in the forced

response, learning patterns of internal variability may allow the neural network to learn

more nuanced patterns than just the simulated forced response (see Figure B.1).
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Figure B.1: Area-weighted R2 scores (wR2) and MAE of the global mean temperature (gMAE) for
estimates from individual seeds and the mean across seeds. Generally, taking the mean estimate
across seeds allows for better performance than using any single individual seed. Note that a higher
wR2 is more skillful than a lower wR2, while a lower gMAE is more skillful than a higher gMAE.

.
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Figure B.2: Estimated forced component of global-annual-mean SST for one member from each
climate model, using the neural networks trained for leave-one-out cross-validation.

.
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Figure B.3: Year-to-year change in the estimated forced component of global-annual-mean SST,
1980-2023.

.
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Figure B.4: Estimated internal component of global-annual-mean SST, 1998-2023.

.

Figure B.5: Internal variability estimates for the 2020-2022 Ştriple-dipŤ of cold phase ENSO events.

.
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Figure B.6: MAESkill Score relative to estimating the forced response as the fourth-order polynomial
Ąt to all data. Values larger than zero indicate the neural network estimates of internal variability are
more skillful than a fourth-order polynomial Ąt, while values less than zero indicate the opposite.
These are assessed on all the leave-one-out validation climate models.

.

Figure B.7: Example input maps and the corresponding internal variability estimate for a sample in
the training set and a sample in the validation set with internal variability shuffled.

.
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Figure B.8: Metrics for the training set, shuffle validation, and validation data using neural networks
trained for leave-one-out cross-validation. The shuffle validation uses the same climate models as
the training set, but eight different members, with the interval variability shuffled, as shown in
Figure B.7.

.
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Figure B.9: Metrics for neural network tuning experiments: R2, mean absolute error (MAE),
global MAE (gMAE), and mean global error (gE). Metric values for each of the leave-one-out
experiments are shown with numbers (1=MIROC6, 2=CanESM5, 3=MPI-ESM1-2-LR, 4=MIROC-
ES2L, 5=CESM2), and the mean of these Ąve are shown as a solid line. Details for each experiment
can be found in Tables B.1 and B.2.

.
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Table B.1: Details of each tuning experiment, continues to Table 2. Unless otherwise noted, defaults
are the following: activation function= ŚtanhŠ, learning rate = 0.001, training epochs = 5, dense layers
= 5 x 100, convolution layers = [Skip, Conv, Conv, MaxPool(2), Skip], [Conv, Conv, MaxPool(2),
Skip] with Conv a 32 Ąlter, 3x3 kernel, 1 stride convolution using a ŚreluŠ activation. The three layer
convolution = [Skip, Conv, Conv, MaxPool(2), Skip], [Conv, Conv, MaxPool(2), Skip], [Conv, Conv,
MaxPool(2), Skip], while the single layer convolution = [Skip, Conv, Conv, MaxPool(2), Skip].

.
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Table B.2: Continuation of Table 1.

.

112



Appendix C: Supporting Information for Chapter 4

C.1 Neural Network Training

The training process consists of three parts. First, the base network layers are trained,

then the shift factor layers are trained, then the uncertainty scaling factor layers are trained,

all using early stopping on the validation set to prevent overĄtting. If training the shift

factor or uncertainty scaling factor layers resulted in a higher (worse) validation loss for

all epochs of training, the neural network reset to the weights it had before training when

the validation loss was better. The training process is described in further detail in the

caption of Figure C.9, and the hyperparameters for each neural network are presented in

Table C.2. In the following, we show which CMIP6 models were used (for two forcing

scenarios, SSP3-7.0 and SSP2-4.5) as well as which models were part of the validation set

(withheld from training and used for early stopping).

Climate Models for SSP3-7.0:

ACCESS-CM2, ACCESS-ESM1-5, AWI-CM-1-1-MR, BCC-CSM2-MR,CanESM5, CAS-ESM2-

0, CESM2, CESM2-WACCM, CMCC-CM2-SR5, CMCC-ESM2, CNRM-CM6-1, CNRM-CM6-

1-HR, FGOALS-f3-L, FGOALS-g3, GISS-E2-1-G, GFDL-ESM4, IITM-ESM, INM-CM4-8,

INM-CM5-0, IPSL-CM5A2-INCA, IPSL-CM6A-LR, KACE-1-0-G, MIROC6, MIROC-ES2L,

MPI-ESM1-2-LR, MRI-ESM2-0, NorESM2-LM, NorESM2-MM, TaiESM1, UKESM1-0-LL

Climate Models for SSP2-4.5:

ACCESS-CM2, ACCESS-ESM1-5, AWI-CM-1-1-MR, BCC-CSM2-MR,CanESM5, CAS-ESM2-

0, CESM2, CESM2-WACCM, CMCC-CM2-SR5, CMCC-ESM2, CNRM-CM6-1, CNRM-CM6-

1-HR, CNRM-ESM2-1, GFDL-CM4, GFDL-ESM4, GISS-E2-1-G, FGOALS-f3-L, FGOALS-g3,

IPSL-CM6A-LR, MIROC6, MIROC-ES2L, MRI-ESM2-0, NorESM2-LM
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Models in the Validation Set for One-year Predictions (2024):

ACCESS-ESM1-5, CMCC-CM2-SR5, CMCC-ESM2, CNRM-CM6-1, IPSL-CM5A2-INCA,

IPSL-CM6A-LR, INM-CM4-8, INM-CM5-0, MIROC6, MPI-ESM1-2-LR

Models in the Validation Set for Five-year Predictions (2024-2028):

ACCESS-ESM1-5, CMCC-CM2-SR5, CMCC-ESM2, CNRM-CM6-1, IPSL-CM5A2-INCA,

IPSL-CM6A-LR, INM-CM4-8, INM-CM5-0, MIROC6, MPI-ESM1-2-LR

Models in the Validation Set for Ten-year Predictions (2024-2033):

ACCESS-CM2, ACCESS-ESM1-5, BCC-CSM2-MR, CAS-ESM2-0, CMCC-CM2-SR5, CMCC-

ESM2, FGOALS-f3-L, GFDL-ESM4, INM-CM5-0, NorESM2-MM

C.2 Neural Network Tuning

The selected hyperparameters for the neural network can be found in Table C.2. We

followed the following procedure for hyperparameter tuning.

1. We trained 30 base neural networks with randomly selected hyperparameters. The

training/validation split seed, which determines which GCMs fall in the training

and validation splits, and the initialization seed, which determines the initial values

of the weights and biases, were Ąxed at 0. The hyperparameter search space can

be found in Table C.3. We selected the same base network hyperparameters for the

one-, Ąve-, and ten-year prediction tasks, and show in Figure C.10 that the selected

hyperparameters result in one of the best models in terms of validation loss. We also

show in Figure C.11 that changing the train/val split seed and the initialization seed

does not largely impact the loss on observations.

2. Once the hyperparameters for the base network were selected, we trained 100 Ąnal

neural networks with different hyperparameter choices, but with the same train-
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ing/validation split. The hyperparameter search space for the Ąnal neural network

can be found in Table C.3. We then repeated this four more times with different

training/validation splits, and selected the hyperparameters that resulted in the best

average loss on the validation set across the Ąve training/validation sets (Figure C.12).

3. Once the best hyperparameters were identiĄed, we again trained 100 more networks,

across 10 different training/validation splits and 10 different initialization seeds

(which determines the initial values of the weights and biases).

4. We selected the Ąnal neural network, which we use for the results in this paper, by

considering how well it performs on 1980-2020 observational hindcasts (measured by

loss), how well it performed on the validation data (measured by the PIT-D metric),

and veriĄed that the likelihood of exceeding temperature thresholds for the selected

network was representative of all 100 trained networks as a whole. The selected

network, and the metrics for all 99 networks that were not included in the main text

are included in Figures C.7 and C.8.
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Table C.1: Prediction of the global-annual-mean maximum temperature over one- (a-b), Ąve- (c-d),
and ten- (e-f) year prediction windows for the base network (a,c,e), and the full network (b,d,f).
The network performs similarly on the training and validation sets of climate models. The loss and
mean absolute error of the central predictions for the validation set are presented at the bottom
right of each frame.
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Table C.2: Updates to the base prediction by the full neural network on the testing set of GCM
data. ∆µ indicates whether the Ąnal prediction increases (>0) or decreases (<0) relative to the
base prediction. ϵ indicates whether the uncertainty (σ) increases (>1) or decreases (<1) relative
to the initial condition. In the one- and Ąve-year predictions, the addition of the spatial temperature
patterns to the model acts to lower uncertainty, in some cases halving . This is not the case for
the ten-year predictions, wherein the model elects to stick with the standard deviation of the base
prediction.
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Table C.3: Neural networks initialized in 2023 with three observational data sets predicting for (a)
2024, (b) 2024-2028, (c) 2024-2033. Our results are robust across observational data sets.

Table C.4: Likelihood of exceeding temperature thresholds across 30 different train/validation
splits and initialization seeds for (a) 2024, (b) 2024-2028, (c) 2024-2033. The results for SSP2-4.5
are shown in orange and the results for SSP3-7.0 are shown in red. The similar distributions of
predicted likelihoods for SSP2-4.5 and SSP3-7.0 conĄrm that our results are robust across these
forcing scenarios. We use 23 climate models for SSP2-4.5, 15 for training and 8 for validation
(Section C.1).
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Table C.5: Attribution heatmaps for real-time forecasts of maximum global temperature over the
next (a) one, (b) Ąve, and (c) ten years. Reds indicate regions where the climate patterns contribute
to a more certain prediction and blues indicate regions where the climate patterns contribute to a
more uncertain prediction.
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Table C.6: Probability integral transform (PIT) histogram on the validation data for the three chosen
models for 1-, 5-, and 10-year predictions of maximum global near-surface temperature.
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Table C.7: Loss on BEST (1980-2020) for networks trained on 10 different train/val splits and 10
different initialization seeds for (a) one-, (b) Ąve-, and (c) ten-year predictions. The chosen network
is shown in solid purple. (Left) The distribution of losses for each train/val split. (Center) The PIT
D values on validation associated with each trained network. (Right) The probability of exceeding
1.5°C or 1.7°C.
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Table C.8: Same as Figure C.7, but the years impacted by the eruption of Mount Pinatubo (1991-
1995) are excluded from the calculation of loss.
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Table C.9: (a) Same as Figure 1a, but with the dense layers numbered for consistency with the
hyperparameter choices in Table C.2. (b-d) The training process consists of three parts, where red
indicates the layers that are unfrozen and thus the weights are updating during training, while
all other layers are frozen. (b) The base network layers are trained while the shift factor and
uncertainty scaling factor layers are frozen. The shift factor (∆µ) is initialized at zero, and the
uncertainty scaling factor (ϵ) is initialized at one, such that the Ąnal prediction (µ, σ) is equal to the
initial prediction (µb, σb). (c) The shift factor layers are then trained, while the initial network and
uncertainty scaling factor layers are frozen. During training, the neural network learns to modify
the central prediction µ by modifying ∆µ, where µ = µb + ∆µ. (d) The uncertainty scaling factor
layers are then trained, while the base network and shift factor layers are frozen. During training,
the neural network learns to modify the uncertainty of the prediction σ by modifying ϵ, where σ =
ϵσb.
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Table C.10: Validation loss for 100 different architectures for the base network for (a) one-, (b) Ąve-,
and (c) ten-year prediction windows. Each architecture is trained with the same initial weights
and training/validation split. The chosen architecture, in yellow, is the same for all three prediction
windows (1, 5, and 10 years). Note that the gray shaded region has a logarithmic scale. The chosen
architecture, and the full hyperparameter tuning space, can be found in Table C.3.
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Table C.11: Validation and observations loss for 30 different train/validation splits for the base
network predicting over (a) one-, (b) Ąve-, and (c) ten-year windows. While the validation loss is
sensitive to train/val split, the loss on observations (BEST; 1980-2022) is still high.
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Table C.12: Validation loss for 100 different architectures, across 5 different seeds, for the Ąnal
network. The 5 seeds result in different initial weights and train/val splits. The chosen architecture,
highlighted in yellow, had the lowest mean validation loss across the 5 seeds. The chosen architec-
tures, and the hyperparameter tuning space, can be found in Tables C.2 and C.3.
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Table C.1: Likelihoods of exceeding 1.5°C, 1.7°C, and 2.0°C over the next one, Ąve, and ten years,
from the Ąnal network and the base network. These likelihoods use the Berkeley Earth estimate
that the global mean temperature in 2023 was 1.54°C higher than 1850-1900 temperatures.

Table C.2: Hyperparameters for the neural networks used in the main text. Refer to Section C.1 and
Figure C.9 for further description of the network architecture.
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Table C.3: Hyperparameter search space for the neural networks used in the main text. Refer to
Section C.1, Section C.2 and Figure C.9 for further description of the network architecture and
tuning procedure.
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