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Abstract

This thesis investigates the use monte carlo dropout as a bayesian approximation for uncertainty estimations in
machine learning-based weather prediction (MLWP) systems. While recent transformer-based foundation mod-
els like Aurora demonstrate strong deterministic performance, they offer limited insight into forecast uncertainty
without using an ensemble of perturbed or fine-tuned models. This approach is computationally expensive, and
therefore, this project explores MC-Dropout, a scalable approximation to Bayesian inference, that simulate a
diverse ensemble forecaster from a single source models. Our experiments assess the calibration, reliability,
and predictive skill of such stochastic ensembles compared to deterministic baselines, focusing on surface vari-
able predictions such as 2-meter temperature (2t) and wind speed (10u, 10v) against established reanalysis
benchmark datasets. Results highlight the importance of probabilistic modelling in medium long-range weather
forecasting and provide insight into the trade-offs between ensemble diversity and computational cost.
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1 Introduction

Accurate earth system forecasts are crucial for climate resilience, energy production, agriculture and other public
interest. Traditional methods, though powerful, are computationally intensive and often limited in resolution or
frequency. Recent breakthroughs in Machine Learning-based Weather Prediction (MLWP) systems like Aurora,
GenCast, and Pangu-Weather, shows that machine-learning models can achieve skilful, fast and high-resolution
forecasts, on par with numerical weather predictions systems (NWP).

Modern Earth-system modelling are positioned in two groups, where the traditional NWP systems like ENS from
European Centre for Medium-Range Weather Forecasts (ECMWF, 2022) relies on physics based simulations of
the atmosphere which is both slow and computationally expensive to produce. Development in MLWP, with
models such as Aurora (Bodnar et al., 2024), GenCast (Price et al., 2025) and GraphCast (Lam et al., 2023)
introduces a new perspective on earth system modelling, by learning complex patterns in how earth changes in
atmospheric and surface variables affects global weather patterns. These modern MLWP models have shown
to provide greater accuracy and computational efficiency than traditional NWP systems for both deterministic
and non-probabilistic forecasts.

Despite their accuracy, single deterministic forecasts cannot capture the full distribution of possible weather
outcomes as outlined by Bauer et al. (2015). Ensemble learning offers a principled way to quantify predictive
uncertainty, which is essential for risk-aware decision making.

This work addresses a limitation in the current generation of machine learning-based weather prediction sys-
tems: their inability to quantify forecast uncertainty in a computationally inexpensive manner. While recent
transformer-based MLWP systems have demonstrated strong deterministic performance, they offer limited in-
sight into the range of plausible future states, an essential requirement for high-stakes applications such as
disaster response, and climate adaptation. Ensemble forecasting is a well-established approach in both numeri-
cal weather prediction (NWP) and machine learning-based weather prediction (MLWP), typically achieved by
perturbing initial conditions, varying model physics, or combining multiple fine-tuned models. However, apply-
ing these techniques to large ML foundation models is computationally prohibitive: training and maintaining
an ensemble of such models can require multiple A100 GPUs, gradient checkpointing, reduced precision, and
access to terabyte-scale datasets. In this work, We investigate Monte Carlo Dropout as a significantly cheaper
alternative for uncertainty estimations. Unlike full model ensembles, MC-Dropout can be applied at inference
time to a single trained foundation model, potentially offering calibrated forecast distributions at a fraction of
the computational cost.

This study evaluates ensembles of foundation models over period in January 2022. We assess forecast skill, cali-
bration, and uncertainty growth over lead time. To do so, we evaluate model performance over a time window of
January 1st to January 5th, 2022, using 00:00 and 12:00 UTC initializations, and a 5-day forecast horizon. This
limited window enables detailed analysis within computational resource constraints, while remaining somewhat
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representative for assessing forecast skill, uncertainty calibration, and lead-time error growth. In addition we
assess the ensemble via skill evaluation metrics such as Root-Mean Square Error, Anomaly Correlation Coe�-
cient and uncertainty metrics such as Spread, Variance and Spread-to-Skill Ratio. Therefore, to systematically
investigate the potential bene�ts of low-cost heterogenous ensembles, we formulate the following hypotheses:

H1: Forecast uncertainty in MC-Dropout ensembles increases with lead time due to error accumulation in
autoregressive rollouts.

H2: Increasing ensemble size (m) improves both forecast skill and uncertainty calibration.

H3: Increasing dropout rate (p) increases ensemble spread and can improve calibration, but excessive dropout
degrades spatial coherence and forecast skill.

2 Related Works

The surge of foundation models in MLWP has fundamentally reshaped the landscape of earth-system forecasting
research. These developments align with broader trends seen in deep learning and NLP, where transformer-
based ensembles have proven e�ective in improving accuracy and quantifying predictive uncertainty (Lakshmi-
narayanan et al., 2017; Yu et al., 2024). However, integrating such models into a streamlined ensemble poses
challenges due to the drastic increase in complexity inherent to these architectures.

2.1 Foundation Models in Weather Forecasting

MLWP models such as Aurora, GenCast, and GraphCast represent a new generation of data-driven approaches
to Earth system modelling. Unlike traditional numerical weather prediction (NWP) systems that solve partial
di�erential equations (PDEs), these models learn to forecast from both surface-level and atmospheric variables
directly from historical reanalysis data. Despite architectural variations, most foundation models for MLWP
follow a shared structural pattern composed of three stages: (1) anencoder , which maps physical inputs (e.g.,
temperature, geo-potential, wind �elds) into a latent space representation; (2) aprocessor , which models the
temporal evolution of this representation; and (3) adecoder , which projects the latent state back into physical
variables aligned with the original input format. Forecasts are produced by feeding the model's predictions at a
given time step as inputs for the next, thereby, facilitating autoregressive rollouts. Aurora employs a 3D-Swin
Transformer processor that operates over spatio-temporal cubes to model Earth's dynamic systems (Bodnar
et al., 2024). GraphCast, in contrast, uses a di�usion-based message-passing graph neural network, emphasizing
spatial locality and structured inductive biases (Lam et al., 2023). GenCast introduces uncertainty-aware
probabilistic forecasting via a di�usion-based generative framework (Price et al., 2025). These architectural
di�erences re�ect ongoing experimentation with how best to capture the underlying dynamics of the atmosphere
using learned representations.

2.2 Ensembles of Deep Neural Networks

Ensemble learning is a cornerstone of robust machine learning. Traditionally, it has been used to improve
generalization and reduce variance through techniques such as bagging, boosting, and stacking (Breiman, 1996,
2001). These methods combine multiple weak learners, such as decision trees or shallow neural networks, into a
stronger predictive model by aggregating their outputs through averaging or majority voting. Although origi-
nally developed for simple models, ensembling or model fusing have gained substantial traction in deep learning.
In particular, they provide a practical and e�ective means of estimating predictive uncertainty, which is critical
in high-stakes domains such as medical diagnosis, autonomous driving, and weather forecasting. One in�uential
technique in this space isMonte Carlo Dropout , introduced by Gal and Ghahramani (2016). This method
enables approximate Bayesian inference by activating dropout layers at inference, thereby generating stochastic
predictions from a single trained model. Each forward pass samples a di�erent subnetwork, e�ectively producing
a lightweight ensemble without retraining. This approach o�ers a scalable alternative to full Bayesian neural
networks and is particularly attractive for large models where full posterior inference is infeasible. Another
prominent method is Deep Ensembles (Lakshminarayanan et al., 2017), which trains multiple instances of
the same model architecture using di�erent random initializations or data folds. The resulting ensemble captures
epistemic uncertainty through model diversity and has been shown to outperform many Bayesian approxima-
tions in practice, while remaining simple to implement. These techniques form the foundation ofBayesian
Deep Learning , a �eld that aims to quantify uncertainty in deep neural networks by approximating posterior
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distributions over model parameters or predictions. While exact Bayesian inference remains intractable for large
neural networks, these practical approximations provide a principled framework for predictive uncertainty esti-
mation. In the context of machine learning-based weather prediction (MLWP), such uncertainty-aware methods
are especially relevant. Forecasting applications, ranging from disaster response, climate modelling to renewable
energy production and not only for accurate predictions but also on reliable measures of uncertainty. This thesis
builds on these insights by applying Monte Carlo Dropout to a large-scale weather foundation model to assess
the feasibility and bene�ts of stochastic ensemble forecasting in Earth system science.

2.3 Ensembles in Numerical Weather Prediction

The foundations of ensemble forecasting in weather science can be traced back to the early insights of Poincaré,
Thompson, and Lorenz. Poincaré �rst recognized that small perturbations in non-linear systems can lead
to vastly di�erent forecasts (Bauer et al., 2015). Later, Lorenz formalized these ideas in his seminal work on
atmospheric predictability and chaos theory (Lorenz, 1963), showing that �nite, state-dependent limits constrain
long-term forecast skill. This led to the development of ensemble-based techniques to characterize the evolution
of initial condition uncertainties, model errors, and their interactions with the atmospheric state. Traditional
ensemble methods in numerical weather prediction (NWP) generate forecast distributions by perturbing initial
conditions or model physics (Leutbecher and Palmer, 2008). These ensembles quantify forecast con�dence
and enable risk-aware decision-making. While e�ective, operational NWP ensembles like the ENS system
(ECMWF, 2022), despite being state-of-the-art, is computationally intensive (Pathak et al., 2022; Rasp et al.,
2024). Ensemble forecasting in NWP typically involves perturbations of initial conditions or stochastic physics
to generate multiple forecast trajectories. These ensembles help quantify forecast uncertainty and improve
robustness. In the MLWP context, current approaches draws on the same principles, i.e. train multiple variations
of the same model. However, there is limited work on ensembling ML foundation models for earth-system
forecasting via Bayesian Approximations such as MC-Dropout.

2.4 Ensembling Foundation Models

Outside of earth-system modelling, the �eld of natural language processing (NLP) has seen the emergence of
sophisticated ensemble methods for combining foundation models with heterogeneous architectures, tokenizers,
and generation styles. Techniques such as DEEPen (Huang et al., 2024), GaC (Yu et al., 2024), and UNiTE
(Yao et al., 2025) address key challenges in ensemble diversity. While these approaches demonstrate promising
results in NLP, their applicability to machine learning-based weather prediction (MLWP) is limited. In contrast
to NLP models�which often share a common input format (token sequences) and generate low-dimensional
outputs (token probabilities) earth system models operate on complex, high-dimensional spatio-temporal data.
Each model may di�er in grid resolution, timestep frequency, and required input variables (e.g., pressure levels,
solar radiation, or soil moisture), making input alignment and output aggregation signi�cantly more challenging.
Furthermore, MLWP models are substantially more computationally demanding. Whereas many open-source
large language models can be deployed on a single pc, weather models often require tens of gigabytes of GPU
memory per forward pass due to the scale and richness of their output �elds. This makes large-scale hetero-
geneous ensembling impractical under typical academic resource constraints. Finally, techniques such as deep
ensembles, where models are trained on di�erent data partitions, pose additional risks in autoregressive weather
forecasting. Temporal discontinuities between training folds may degrade the model's ability to learn coherent
spatio-temporal evolution, which is essential for accurate multistep forecasting. Given these challenges, Monte
Carlo Dropout o�ers a practical and scalable alternative. It enables the generation of ensemble forecasts from
a single deterministic model with minimal architectural or computational overhead. This approach avoids the
complexities of model alignment and leverages a well-understood Bayesian approximation to deliver meaningful
uncertainty estimates within a consistent model framework.

3 Background

Reliable weather forecasting depends fundamentally on our ability to model the Earth system: the coupled
dynamics of the atmosphere, oceans, land surface, and cryosphere. Traditional methods approach this task
through numerical weather prediction (NWP), which relies on solving the governing equations of atmospheric
physics. While these physics-based simulations o�er high accuracy, they are computationally expensive and
require careful tuning of sub-grid processes. In recent years, the rise of deep learning has enabled an alternative,
where data-driven models learn the statistical evolution of atmospheric states directly from historical reanalysis
data. This section outlines the progression from traditional Earth-system models to learned simulators in
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MLWP. We de�ne the weather prediction task as a sequence modelling problem, describe how autoregressive
forecasting is used to simulate multi-step trajectories, and explain the functional role of simulators within ML-
based forecasting systems. Finally, we introduce ensemble forecasting as a principled method for quantifying
predictive uncertainty.

3.1 Earth-System Modelling and Autoregressive Forecasting

The goal of Earth-system modelling is to forecast future global states by simulating how weather and climate
variables evolve over time. From a computational perspective, this task can be framed as predicting the next
system state x t +1 conditioned on one or more previous states. In traditional NWP, this is achieved using
numerical solvers for partial di�erential equations. In MLWP, the same objective is pursued by training a
learned simulator � , i.e. a deep learning based model, that learns the temporal dynamics of earth-system
variables.

This predictive structure supports an autoregressive rollout, where forecasts are recursively generated from prior
predictions:

�( x t � 1; x t ) ! x̂ t +1 ; �( x t ; x̂ t +1 ) ! x̂ t +2 ; : : : (1)

Each rollout step conditions on a short input history, and the predicted state (x̂) is fed back into the model as
input for the next step. This chaining mechanism transforms a single-step predictor into a multi-step simulator.
However, it also introduces compounding errors, as inaccuracies at early steps propagate through the rollout.
Figure 1: illustrates this auto-regressive behaviour.

Figure 1: Illustration of autoregressive forecasting using a learned simulator� . At each time step, the model
predicts the future state of the Earth system based on the most recent state(s), and the output is recursively
fed back as input for future predictions. Illustration from: Machine Learning Reading Group @ CUED, ML for
Medium-Range Weather Forecasting, University of Cambridge, Diaconu et al. (2025).

Modern MLWP simulators such as Aurora (Bodnar et al., 2024), GenCast (Price et al., 2025), and GraphCast
(Lam et al., 2023) use deep transformer architectures to perform spatiotemporal modeling at global scales.
Aurora, for instance, employs a 3D Swin Transformer with Perceiver-style encoders to process multivariable,
multi-resolution Earth data and generate next-state predictions across key atmospheric �elds.

Formally, the simulator learns a function � : X t � n :t ! x̂ t +1 that minimizes a loss function over training data
derived from reanalysis datasets such as ERA5, and HRES. This loss is typically de�ned as mean squared error
(MSE) or mean absolute error (MAE) between predicted and ground-truth �elds.

3.2 Input Representation and State Encoding

Earth-system models require a structured representation of the Earth system state to generate forecasts. This
representation is typically de�ned on a regular latitude�longitude grid, where variables are discretized at �xed
spatial intervals in degrees, forming a rectilinear mesh that spans the entire globe. It consists of three main
components: surface variables, atmospheric variables across pressure levels, and static geophysical inputs.

Surface variables include �elds such as 2-meter temperature (2t), 10-meter zonal and meridional wind com-
ponents (10u, 10v), and mean sea-level pressure (msl). These are de�ned on the regular equirectangular grid
and vary over time. Atmospheric variables are sampled at discrete vertical pressure levels, often including
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100, 250, 500, and 850 hPa. Variables such as geopotential (z), temperature (t ), humidity ( q), and wind compo-
nents (u, v) form a vertical pro�le at each horizontal location, enabling the model to capture three-dimensional
atmospheric dynamics. Conceptually, one can imagine the global grid extending upward through the atmo-
sphere, replicated across each pressure level to form a stacked tensor representation.Static variables provide
time-invariant information such as potential ( z), land-sea mask (lsm), and soil type (slt). Although constant in
time, they condition the model's understanding of how weather systems behave locally. See appendix A, for a
variable overview.

Each variable group is discretized on a shared spatial grid and batched over time steps. The atmospheric
component introduces an additional dimension for pressure levels, e�ectively stacking multiple layers of the
atmosphere above each grid cell. Together, these inputs form a high-dimensional tensor �eld encoding the
Earth's current state. This input structure is then transformed into a latent representation by the model's
encoder. In the case of Aurora, a Perceiver-style architecture processes the surface and atmospheric inputs
using pressure-level encodings, spatial Fourier embeddings, and time encodings to produce a uni�ed 3D latent
�eld. This internal representation is then recursively evolved to simulate future Earth system states through
autoregressive forecasting.

3.3 Dropout or DropPath Regularization

Dropout (Srivastava et al., 2014) is a widely used regularization technique in deep learning. During training,
a fraction of activations is randomly set to zero, preventing co-adaptation and improving generalization. At
inference, dropout is typically disabled and weights rescaled, yielding deterministic outputs. Gal and Ghahra-
mani (2016) showed that keeping dropout active at test time and averaging multiple stochastic forward passes
approximates sampling from aBayesian posterior distribution. This Monte Carlo Dropout (MC-Dropout)
enables uncertainty estimation without training multiple models.

In modern architectures such as Vision Transformers and 3D Swin Transformers, includingAurora , dropout
on activations is often replaced by stochastic depth orDropPath (Huang et al., 2016), which randomly skips
residual blocks during training. This provides more e�ective regularization for very deep networks while pre-
serving spatial structure. Aurora is trained with dropr ate = 0 (no classical dropout) and droppath r ate = 0 :2,
meaning that in principle, MC-DropPath would be the most consistent Bayesian approximation. However,
as Aurora only exposes dropout hooks at inference time, our experiments use MC-Dropout to approximate
epistemic uncertainty.

To evaluate its e�ect on Aurora outputs, we conducted a sensitivity analysis across dropout rates, as shown
in Figure 2, increasing dropout introduces progressively stronger stochastic perturbations, especially in mid-
latitude and coastal regions. At low rates, forecasts remain close to deterministic predictions, whereas high
rates produce excessive speckling and reduced spatial coherence. This re�ects the well-known trade-o� identi�ed
by Gal and Ghahramani (2016): higher dropout enhances epistemic uncertainty representation but degrades
predictive �delity.
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