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Resumo

Modelos proxy sao representagoes simplificadas de modelos numéricos complexos usados
para aumentar a eficiéncia computacional de um processo. O desenvolvimento de proxies
é desafiador devido a alta dimensionalidade inerente aos espacos que eles modelam. Esta
pesquisa adota uma abordagem ampla e holistica para enfrentar esses desafios. A medida
que o estudo dos modelos proxy evolui para uma compreensao mais profunda das carac-
teristicas complexas dos reservatorios, nosso trabalho segue essa tendéncia. Comegamos
propondo um método supervisionado para aproximar a resposta do simulador usando uma
tnica Rede Neural Artificial (RNA). Essa rede é projetada para prever o comportamento
de miltiplas curvas de produgao cumulativa simultaneamente, divergindo da abordagem
convencional na literatura, que geralmente depende do treinamento de multiplas RNAs
para cada curva de produc¢ao cumulativa. O proximo passo envolve a reconstrucao das
incertezas geologicas originais. Em engenharia de reservatorios, retornar ao espaco origi-
nal apos o processo de Data Assimilation for Uncertainty Reduction (DAUR) ¢ essencial
para validar a capacidade do proxy de recuperar informagcoes enquanto reduz eficazmente
a dimensionalidade da entrada. Finalmente, abordamos o desafio da quantificacao de
incerteza de modelos proxy, um problema menos explorado na literatura, utilizando con-
junto de Fungdes de Ativagdo Meta (FAM) para avaliar a confianga nas previsoes por
meio da analise de incerteza das saidas do proxy. Avaliamos os trés métodos propostos
usando um conjunto de dados de um campo offshore brasileiro, demonstrando a eficacia
e a praticidade de nossa abordagem.



Abstract

Proxy models in reservoir engineering are simplified representations of complex numerical
models used to increase the computational efficiency of a process. Developing proxies
in this context is challenging due to the high dimensionality inherent in the spaces they
model, and the abundance of producing wells, each associated with different objective
functions, further complicates the problem. This research takes a broad and holistic
approach to address these challenges. As the study of proxy models has evolved to-
wards a deeper understanding of the complex characteristics of reservoirs, our work aligns
with this trend. We begin by proposing a supervised method to integrate dimensional
reduction and approximate the simulator’s response using a single Artificial Neural Net-
work (ANN). This network is designed to predict the behavior of multiple cumulative
production curves simultaneously, diverging from the conventional approach in the litera-
ture, which often relies on training multiple ANNs for each cumulative production curve.
The next step involves reconstructing the original geological uncertainties. In reservoir
engineering, returning to the original geological space after the Data Assimilation for Un-
certainty Reduction (DAUR) process is essential for validating the proxy’s capability to
recover information while effectively reducing the dimensionality of the input. Finally, we
address the challenge of proxy model uncertainty quantification, a less-explored problem
in the literature by using Meta Activation Functions (MAF) Ensemble to assess predic-
tion confidence through uncertainty analysis of the proxy outputs. We evaluate the three
proposed methods using a Brazilian offshore field dataset, demonstrating the effectiveness
and practicality of our approach.
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Chapter 1

Introduction

Petroleum reservoirs are critical for supplying global energy demands. A comprehensive
understanding of the intricate characteristics of these reservoirs is essential for effective
extraction, reservoir management, and the advancement of sustainable energy practices
[2]. By advancing our knowledge in this field, we not only ensure the efficient use of
resources but also reduce environmental impacts, contribute to energy security, and foster
economic growth. Moreover, enhanced reservoir management practices are crucial for
transitioning to more sustainable energy systems.

A petroleum reservoir comprises hydrocarbon accumulations within porous or frac-
tured rock formations, often located thousands of feet beneath the surface and concealed
beneath multiple overlying geological layers [3]. Over the decades, significant efforts have
been made to develop advanced technologies that unravel the intricacies of subterranean
oil reservoirs [4, 5 [6]. However, the available sources of information remain insufficient for
achieving precise measurements of all parameters for effective reservoir management. Nev-
ertheless, there are methods to understand reservoir dynamics. Among the technologies
employed in reservoir management, numerical reservoir simulation (commonly referred to
as a “simulation model”) plays a pivotal role. As highlighted by Thomas [7] and Ertekin et
al. [8], simulation models are computer systems comprising data sets that aim to estimate
reservoir rock and fluid properties, as well as production strategy variables, including oil
production rate (Qp) and water production rate (Qy ).

Specifically, simulation models are theoretical approximations produced by the simu-
lator (or numerical simulator) and are inherently uncertain. Each simulation execution
is referred to as a realization. These simulation models are typically high-dimensional,
heterogeneous, and characterized by strong nonlinearities [9]. Despite considerable ad-
vances in numerical simulation technologies, simulation models remain a computationally
intensive task, often requiring days or even weeks to generate a single reservoir simulation
[1]. Some of the main reasons why numerical reservoir simulation faces computational
bottlenecks and remains a challenging problem are as follows:

i. The computational time required for a single simulation model increases significantly
with the complexity and heterogeneity of the reservoir model.

ii. Due to the high computational cost associated with each simulation model, only a
limited number of realizations are typically available in practical reservoir studies
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[1, (100, [L1].

iii. Reservoir simulation models are inherently high-dimensional, involving numerous
interdependent parameters and state variables. This complexity is associated with
rock properties, such as porosity or permeability, which hinder the identification of
relevant patterns and relationships.

Hence, expediting this process using a limited number of samples and addressing the
challenge of high dimensionality are crucial steps to enhance its practicality. One potential
approach to this challenge is using proxies—also known as “surrogate models,” “proxy
models,” or “metamodels” [12]—which replace the numerical simulator in time-consuming
steps.

This work investigates the application of proxy methods in various scenarios involv-
ing numerical reservoir simulation, using a dataset from a Brazilian offshore field [I] (see
the details in the Appendix . First, we propose a proxy model to reduce the dimen-
sionality of rock properties and to approximate the simulator’s response under different
production strategies, such as cumulative production curves. Second, after dimensionality
reduction, some original information from the geological models is inevitably lost. This
loss of information complicates the validation of the proxy’s ability to retain fundamental
geological features. Therefore, a reconstruction process is necessary to project the data
back into the original geological uncertainty space, ensuring analytical consistency and
compatibility with the simulator’s input requirements.

The reconstruction process is necessary for two primary reasons: (i) current data
assimilation (DA) approaches [11, 2, T3] typically perform uncertainty reduction on a latent
space derived from dimensionality-reduced geological models and subsequently use a proxy
model to reconstruct the original geological data without uncertainty after DA; and (ii) the
proxy model may exhibit generative behavior, allowing for the creation of new realizations,
which could reduce dependence on the numerical simulator. The DA technique integrates
diverse sources of data, including those obtained from wells or sensors, historical records,
and computational models. It combines observations and simulations to iteratively refine
the reservoir model and reduce uncertainty in spatial properties like permeability, porosity,
and pressure. It is important to note that DA procedures are outside the scope of this
thesis.

Finally, we address a frequently overlooked aspect of proxy model development: the
prediction uncertainty quantification. This step is crucial for assessing the reliability and
confidence of proxy model outputs. Current proxy implementations still face significant
limitations, particularly their inability to guarantee the robustness of predictions. This
limitation stems from a persistent gap in the literature regarding the Uncertainty Quan-
tification (UQ) of proxies within the context of reservoir management. As emphasized by
Volodina and Challenor [I4], transparent reporting and communication of uncertainties
are fundamental to ensuring both the credibility of proxy models and the trust placed in
their results.
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1.1 Motivation and Problem Overview

The characterization of numerical reservoir simulations using proxy models is required,
underscored by two primary factors. Firstly, early-stage simulation models often exhibit
high intrinsic uncertainty due to numerical approximations, resulting in unreliable reser-
voir behavior and performance forecasts [I5]. DA [16], a fundamental methodology in
geosciences [17, 18, [19] and particularly relevant in reservoir engineering, addresses this by
integrating observational data with model simulations to estimate the reservoir’s current
state [16]. However, applying DA to reduce uncertainty in three-dimensional properties is
computationally intensive, with single applications spanning days or weeks depending on
model complexity [I]. This high computational demand emphasizes the need to optimize
processes by replacing the reservoir simulator in the DA workflow. Proxy models offer a
solution, providing computationally efficient approximations that mimic simulator input-
output behavior, thereby substantially reducing the computational burden [20, 21, 22].

Secondly, while DA mitigates simulation model uncertainty, quantifying the inherent
uncertainty in proxy models is equally vital, especially in reservoir engineering, where
decisions have cascading effects. Proxy models are susceptible to various uncertainties,
including observational noise, approximation errors, and limitations in their architectural
generalization capacity. Consequently, assessing the reliability and robustness of their
predictions is necessary before their integration into decision-making workflows. Our
motivation stems from the dual need to accelerate complex simulations while rigorously
quantifying the confidence in their predictive power.

1.2 Challenges

Effective reservoir management is complicated by the inherent heterogeneity and dynamic
complexity of oil reservoirs [23]. This gap necessitates the construction of reliable simula-
tion models and the accurate characterization of reservoir properties, tasks that are made
challenging by limited sample availability and the need for practical efficiency.

Current methodologies for proxy model construction typically segment the problem
into three independent stages: dimensionality reduction, replication of the simulator’s
response, and reconstruction [, 4, 20 24]. Each stage presents distinct challenges:

i. Dimensionality Reduction: Simulation models are inherently high-dimensional,
involving numerous interdependent parameters that mask meaningful patterns and
relationships. A key difficulty in applying dimensionality reduction to 3D geological
models is the potential loss of crucial spatial context. Unlike 2D models, 3D models
contain complex spatial relationships, often poorly preserved by simpler reduction
techniques [10]. This fact is further complicated in our specific real reservoir analysis,
which incorporates four distinct geological uncertainties (porosity, permeability, net-
to-gross ratio, and rock type), requiring the capture of individual patterns and their
intricate interdependencies.

ii. Simulator Response Replication: Following dimensionality reduction, proxy
models must accurately replicate the complex, non-linear behaviors observed in
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various production rates, a demanding task intensified by the multi-phase fluid
interactions. While regression-based approaches are common, the large number of
cumulative production curves often necessitates training multiple proxy models for
different production strategies [1, 4].

iii. Reconstruction: The reconstruction stage is vital for verifying consistency be-
tween the original geological uncertainty and its reduced-dimensional representa-
tion. This process ensures that the fundamental geological features are adequately
retained and projected back into the original uncertainty space.

A significant limitation is the independent training of these modular components. This
cascaded setup allows errors from early stages to propagate and degrade the performance
of subsequent steps [25]. Furthermore, the reliance on extensive feature engineering of-
ten involves laborious processes, heuristic assumptions, and brittle design choices, which
undermine robustness and generalizability [26].

Finally, a frequently overlooked challenge is the robust quantification of uncertainty
in proxy model predictions. Traditional ensemble methods often yield overconfident pre-
dictions, underestimating variability [27] and potentially leading to suboptimal reservoir
management decisions. Developing more reliable approaches for uncertainty quantifica-
tion is, therefore, critical.

To address these challenges, we organized our thesis in the format of a collection of
papers. Each paper focuses on addressing the challenges previously mentioned:

i. Dimensionality Reduction and Simulator Response Replication: the pub-
lished paper [2] in the journal Applied Soft Computing.

ii. Reconstruction: we submitted our article [28] to the journal Computers and Geo-
sciences.

iii. Uncertainty Quantification: our article [29] was submitted to the journal IEEE
Transactions on Neural Networks and Learning Systems.

1.3 Objective

This thesis has two main goals: (a) to develop an optimized end-to-end proxy model to
replace the numerical simulator, and (b) to quantify uncertainty in an end-to-end proxy
model to build trust among petroleum engineering experts.

1.4 Research Questions

To achieve the two main goals, this thesis is guided by the following research questions:
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Proxy Optimization

e RQ1: Given a set of 3D geological models, how can dimensionality reduction be
effectively applied and integrated into an end-to-end proxy model?

e RQ)2: Given a set of dimensionally-reduced geological models and various production
rates, how can the proxy replicate the simulator’s response across these rates as part
of an end-to-end solution?

e RQ3: Given a set of dimensionally-reduced geological models, how can the recon-
struction of the original 3D reservoir model be performed in a way that preserves the
maximum amount of the reservoir’s spatial information, enabling its incorporation
into an end-to-end proxy?

Proxy Quantification

e RQ4: Given an end-to-end proxy, how can we ensure the reliability and robustness
of its predictions to build trust among petroleum engineering experts?

1.5 Main Contributions

This work introduces advancements in proxy modeling for reservoir simulation, with the
following main contributions:

Development of an Optimized End-to-End Proxy Model: We propose a novel,
end-to-end proxy model designed to replace the numerical simulator during computation-
ally intensive stages of reservoir management. This integrated architecture simultaneously
performs dimensionality reduction of 3D geological models, replicates the simulator’s re-
sponse (Chapter 3), and reconstructs the original 3D geological models (Chapter 4). By
consolidating these traditionally separate tasks into a single proxy model, our approach
inherently minimizes the error propagation inherent in cascaded, independently trained
components.

Key features and benefits of our proposed architecture include:

i. Integrated Heterogeneity and High-Dimensionality Management: Our
model efficiently addresses high-dimensional data and reservoir heterogeneity through
parallel feature extraction and regression, effectively capturing complex spatial vari-
ations.

ii. Multi-Task Fluid Dynamics Capture: We employ a multi-task learning ap-
proach to efficiently model intricate fluid relationships, leveraging the inherent in-
terconnectedness of flow dynamics within the reservoir.

iii. Robustness with Limited Data and Computational Efficiency: The archi-
tecture demonstrates robust performance even when trained with a limited number
of simulation models, leading to substantial reductions in computational costs.
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Advanced Multi-Property 3D Geological Reconstruction: Unlike existing
literature that typically handles a single reservoir rock property, our design simul-
taneously processes and reconstructs four distinct rock properties (e.g., porosity,
permeability, net-to-gross ratio, and rock type) within the same architecture. This
advancement enables a comprehensive capture and reconstruction of individual pat-
terns, structures, and their complex interdependencies across all geological uncer-
tainties.

Quantify Uncertainty in an End-to-End Proxy: We introduce an innovative

methodology for quantifying the uncertainty in proxy models used for reservoir manage-

ment (Chapter 5), addressing a critical gap in the existing literature on proxy model

development.

Key features and benefits of our approach include:

I

11.

Improved diversity from input: We leverage an ensemble-based approach to
enhance diversity. This strategy is achieved by allowing each base learner in the
ensemble to dynamically adjust its activation functions, thereby improving the flex-
ibility and diversity of the model’s response based on the input context.

Improved Scalability and Predictive Accuracy: We demonstrate the scala-
bility and robustness of our method in a real-world scenario. By adapting the end-
to-end proxy model proposed by Farfan et al. [2] to incorporate a meta-network
instead of traditional activation functions, we improve predictive accuracy and pro-
vide an estimate of uncertainty, marking a significant advancement in proxy models
for reservoir management.

In Appendix [B] we present a detailed comparison between the baseline pipeline and

our approach pipeline.

1.6 Text Organization

This thesis is organized as follows. Chapters[2] [3} and [4 address the main challenges iden-
tified in this research. Chapter [2] focuses on dimensionality reduction and on reproducing

the simulator’s response. Chapter |3 addresses the reconstruction of the original three-

dimensional geological models from the reduced representations. Chapter 4| introduces a

novel methodology for quantifying uncertainty in proxy models used for reservoir man-

agement. Finally, Chapter 5| concludes the thesis by summarizing the main findings and

contributions, reflecting on the challenges addressed throughout the work, and outlining

directions for future research.
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Chapter 2

End-to-end dimensionality reduction
and regression from 3D geological
uncertainties to estimate oil reservoir
simulations

This work was published in the Applied Soft Computing (ASOC) Journal, with permission
from “Jeanfranco Farfan, Gabriel Cirac, Guilherme Daniel Avansi, Célio Maschio, Denis
José Schiozer, and Anderson Rocha. End-to-end dimensionality reduction and regression
from 3D geological uncertainties to estimate oil reservoir simulations, 2024.”

This chapter introduces an optimized, end-to-end deep neural network (DNN) that
functions as a proxy model for reservoir simulation. The proposed model integrates di-
mensionality reduction and response replication into a single framework, enabling it to
handle 3D geological uncertainties and replicate multiple cumulative production curves
from a reservoir simulator using only one network.

2.1 Introduction

Numerous approaches have been proposed that utilize DNNs to develop proxy models
[1, 3, @, (5 16, 20]. Contemporary methodologies for generating a proxy divide the problem
into two steps [II, 4, 24, 20]: dimensionality reduction and replication of the simulator’s
response. Generally, a cascade approach is employed, in which the reduced output serves
as input to the simulator’s response replication step. Unfortunately, this can lead to
significant issues. First, errors in the early stages can propagate and degrade the perfor-
mance of subsequent steps [25]. Second, extensive feature engineering is often required,
which involves labor-intensive processes, heuristic assumptions, and brittle design choices
that undermine the robustness and generalizability of the proxy model [26]. We propose
an end-to-end proxy approach designed to manage potential errors that may occur during
the transformation or processing of 3D geological uncertainties. This method ensures that
errors are handled by the architecture itself.

Depending on the characteristics of the reservoir model considered, running a single
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reservoir application in the simulator may take days or even weeks [I]. Likewise, since
acquiring each model is computationally expensive, in a real oil reservoir [1], [0, (11|, there
are still limited available models. Additionally, each model exhibits high dimensionality,
resulting in numerous variables and parameters. This high dimensionality complicates
the identification of meaningful patterns. Therefore, a practical proxy model must be
efficient with a limited number of samples while effectively addressing the challenge of
high dimensionality.

We introduce a proxy modeling approach that integrates dimensionality reduction and
response replication within a single framework. This method employs a 3D convolutional
neural network (CNN) to manage both high-dimensional geological uncertainties and
complex fluid behavior in an end-to-end manner. By using a single 3D CNN for the
entire process, we aim to improve computational efficiency, reduce the number of required
models, and enhance prediction accuracy across multiple wells and objective functions.
This new architecture has the potential to address the limitations of traditional proxy
models by capturing the interconnected relationships between oil, water, gas, and pressure
in a unified framework.

In current literature, the focus has shifted towards training multiple neural networks,
as highlighted by Sudakov et al. [4] and Maschio et al. [I]. This approach is driven by
the need to deal with diverse scenarios involving multiple producers and varying objective
functions. For instance, Sudakov et al. [4] employed 31 ANNs to forecast oil saturation
and pressure values. Similarly, Maschio et al. [I] trained 160 ANNs to predict oil, water,
gas, and pressure. Relying on separate artificial neural networks for each well or for each
objective would lead to a combinatorial explosion in the number of models to be trained
and maintained. In contrast, our present study deviates from these established practices
by adopting a novel approach: training a single end-to-end proxy. This comprehensive
approach aims to faithfully replicate the simulator’s response for each well, encompassing
four distinct objective functions within the same proxy to predict oil, water, gas, and
pressure.

Unlike previous studies that required numerous ANNs to predict various aspects of
reservoir performance, our method leverages a single 3D CNN to predict the behavior
of multiple objective functions simultaneously— oil, water, gas, and pressure—within a
unified framework. By addressing four objectives in a multi-task approach, the network
simultaneously captures the inherent relationships between fluids—a correlation expected
in reservoir engineering due to interconnected flow dynamics.

The contributions of this chapter are summarized as follows:

1. Single 3D CNN for predicting oil, water, gas, and pressure within one framework.

2. The method captures fluid relationships through a multi-task approach, leveraging
interconnected flow dynamics.

3. The approach addresses high-dimensional data and reservoir heterogeneity via par-
allel feature extraction and regression.

4. Integrates dimensionality reduction and regression into a single model, streamlining
predictions and reducing computational costs.



23

5. The proxy supports robustness and accuracy even when trained with a limited
number of geological simulation models.

2.2 Related Work

In this section, we review the literature on dimensionality reduction techniques and meth-
ods for replicating simulator responses.

2.2.1 Dimensionality Reduction

Researchers have developed techniques for vectorizing multidimensional data, which have
been adapted by reservoir engineering experts for application in simulation models. Ma
et al. [24] proposed a framework known as the vector-to-sequence model. Their approach
to creating the vector involves utilizing principal component analysis (PCA) to reduce
the dimensionality of 3D geostatistical realizations. In a comparable scenario, Da Silva
et al. [20] investigated 18 dimensionality reduction techniques commonly utilized in the
literature for 3D spatial properties, focusing on petrophysical attributes, such as porosity
and permeability. Notably, PCA emerged as the optimal choice. Similarly, the method-
ology proposed by Maschio et al. [I] employs PCA to reduce the dimensionality of 3D
geostatistical realizations. This reduction is facilitated by integrating an ANN into the
Data Assimilation (DA) process, replacing the reservoir simulator. While these and other
[1, 6] previous work have demonstrated favorable outcomes through the use of PCA, it
is imperative to acknowledge that PCA operates under a linear assumption [30]. No-
tably, using 3D realizations entails nonlinear features, making PCA less suitable for our
purposes.

Opting for a nonlinear technique is crucial when addressing nonlinear geological un-
certainties, as it ensures the representation of underlying patterns and relationships.
Following this concept, Zhang et al. [31] employed the Uniform Manifold Approxima-
tion and Projection (UMAP) [32] algorithm to reduce the dimensionality of gas data,
characterized by intricate and complex nonlinear relationships. Cirac et al. [11, [10]
integrated the UMAP to preserve the local structure of a dataset comprising 3D geo-
logical representations, which included 2,467,644 data points to represent each variable
(x =79,y = 137,z = 228), with a proxy-oil model based on deep hierarchical distilla-
tion. The reduced embeddings were fed into a hierarchical distillation framework built
on CNNs and applied to a regression problem. The proxy utilized three distinct 1D CNN
architectures, each employing slightly different regression schemes. These architectures
progressively extracted features based on filter size, capturing local, intermediate, and
global patterns.

Kwon et al. [5] harnessed the power of a CNN within an optimization framework to
determine the optimal positioning of an oil production well within a petroleum reservoir.
In their approach, Kwon et al. [5] employed a CNN to process 3D reservoir properties,
such as permeability. Nonetheless, their method used a 2D CNN for feature extrac-
tion to handle the 3D uncertainty of the problem. However, a 3D approach offers an
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advantage when addressing complex, multidimensional geological uncertainties, where in-
terdependencies across three dimensions are essential for capturing intrinsic relationships,
specifically depth information.

Other investigations have explored more robust methodologies to address the lim-
itation of depth information. Notably, Ma et al. [24] employed a Recurrent Neural
Network (RNN) [33] to construct a surrogate model for the History Matching problem.
Their approach entails a multilayer RNN surrogate model built upon a vector-to-sequence
framework. This multilayer RNN; equipped with a Gated Recurrent Unit (GRU) [34], is
specifically designed to approximate the mapping from feature vectors of geological real-
izations to production data. One significant drawback is the substantial computational
expense and storage demands associated with extracting spatial features through a CNN.
In contrast, Wang et al. [35] introduced a hybrid architecture that merges CNN with
Long Short-Term Memory (LSTM) networks [36]. This integrated approach serves as a
solution to the challenges associated with geothermal production. It utilizes a convolu-
tional component that gathers spatial information from reservoir properties, while the
recurrent aspect manages the relationships in sequence data. This combination enables
the predictive modeling of dynamic production responses, including variations in rates
and temperatures over time.

The widespread use of CNNs in the oil industry can be attributed to their adoption
in reservoir management studies. For instance, Cantorna et al. [37] investigated the de-
tection of marine oil spills using synthetic aperture radar imaging. Their study examined
segmentation algorithms, including clustering, logistic regression, and CNNs,; to delin-
eate oil spill areas in Envisat and Sentinel-1 satellite images. While logistical regression
and clustering are useful, CNNs yield superior results with minimal computational re-
quirements. Similarly, Khan [38] addressed the classification of frequency-hopping spread
spectrum signals in complex electromagnetic environments by employing a modified ap-
proach using rectangular filters of different shapes and sizes, along with max pooling, to
extract distinctive features through a CNN. Meanwhile, Sharifinasab et al. [39] aimed to
develop a model for estimating the drill bit penetration rate using Deep Learning (DL)
concepts. Their innovative approach combined Generative Adversarial Networks (GANs)
with ANNS; specifically Multi-Layer Perceptron Neural Networks (MLP-NNs) and One-
Dimensional CNNss.

Conversely, our research applies 3D CNNs to create compact and informative represen-
tations of complex three-dimensional data. In contrast to preceding methodologies that
utilized techniques like UMAP or 2D CNNs [20] 21], the distinctive strength of 3D CNNs
lies in their ability to effectively capture and leverage both spatial and depth relationships
inherent within the data. While RNNs excel in capturing sequential dependencies, these
may face challenges when confronted with the intricacies of multi-dimensional information
[22]. In contrast, a 3D CNN offers a clear advantage, particularly in handling volumetric
or spatial-depth data.
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2.2.2 Replication of the Simulator’s Response

After reducing the high dimensionality of 3D geological uncertainties, the proxy model’s
primary role is to replicate the complex fluid behaviors within the objective functions
[3, 40]. This replication aims to replace the computationally intensive reservoir simula-
tor by rapidly determining target responses for 3D geological realizations with accuracy
comparable to that of the simulator [6]. This crucial stage is inherently a regression task.

However, current literature predominantly addresses this by training multiple Artificial
Neural Networks (ANNs) to manage diverse scenarios, especially those involving numer-
ous producers and varying objective functions. For instance, Sudakov et al. [4] trained
31 ANNSs for forecasting oil saturation and pressure. Similarly, Ma et al. [41] employed
28 Hybrid Recurrent Convolutional Networks (HRCNs) to predict various reservoir prop-
erties, while Maschio et al. [I] trained 160 ANNs for oil, water, gas, and pressure values.
Maschio et al. also introduced a day selection strategy, utilizing only five equidistant days
from the production period, rather than all days, to reduce computational overhead while
preserving essential information for each cumulative production curve.

In contrast, our study departs from these conventional methods by training a single
end-to-end 3D CNN proxy. This approach aims to replicate the simulator’s response for
each well, incorporating four objectives within a unified framework.

2.3 Proposed Method

We introduce an end-to-end deep learning methodology as a proxy for dimensionality re-
duction and replicating the simulator’s response in a real oil reservoir. This comprehensive
approach encompasses three pivotal stages: pre-processing, handling 3D geological uncer-
tainties, and replicating the simulator’s response. The high-level architecture is shown
in Figure 2.1} where porosity (Por), rock type (Rtp), net-to-gross (Ntg), permeability
(Perm), and fluid properties are represented as scalar variables.

2.3.1 Preprocessing

Each entry is initially subject to normalization, making it suitable for integration into
the end-to-end architecture. The use of a widely recognized technique known as quantile
normalization, introduced by [42], was critical. This choice is based on our treatment of
non-linear data. The application of quantile normalization allowed us to adjust the data to
a more ML-friendly pattern, which streamlined the training of the architecture. We then
cropped and padded the data to ensure correct dimension alignment. We transitioned
from the original dimensions of 73 x 38 x 24 to 72 x 48 x 24.

Turning to the outputs, we have seven producer wells (P10, P2, P3, P5, P6, P8, P9)
for each objective function, characterized by a historical period spanning 2,206 days. We
normalized each objective function using Min-Max scaling transformation inspired by the
work of [43]. This process scales the output values to a specific range, often [0, 1], ensuring
that all target values adhere to a consistent scale. This practice proves particularly bene-
ficial for regression tasks as it prevents target values from disproportionately influencing
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Figure 2.1: Architecture proposed.

the learning process due to their larger magnitude. This approach aligns well with our
use of cumulative curves, and normalization helps ensure that observed differences are not
attributed to variations in scale. In conclusion, the inputs and outputs were normalized
to facilitate their integration into our proxy.

2.3.2 End-to-end Architecture

The trained end-to-end 3D CNN allows for proxy construction. The model is composed
of several layers connected sequentially and in parallel. Each layer consists of several 3D
convolution and pooling operations. The outcomes of these operations are consolidated
through concatenation to form the feature map for subsequent layers. These operations
are executed simultaneously across each 3D geological uncertainty. This attribute makes
the approach much more efficient than other dimensionality reduction techniques, such
as Principal Component Analysis (PCA) [44].

We have structured our solution into two complementary components. The first fo-
cuses on addressing 3D geological uncertainty, while the latter replicates the simulator’s
response. Together, these elements aim to enhance our approach to managing geological
challenges.

3D Geological Representation

During the pre-processing stage, each 3D geological uncertainty, with dimensions of
72 x 48 x 24, is fed into our specialized dimensionality reduction module. This module
processes each geological realization, obtaining a compact representation vector through
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a hierarchical architecture comprising 3D block encoders, 3D max-pooling, and a 3D
residual block, as illustrated in Figure 2.2(a). The encoder block (Figure 2.2(b)) is a
sequence of convolutional layers, batch normalization, and activation functions, designed
to progressively extract and learn robust features from the input data.

The 3D residual block, depicted in Figure (c), plays a crucial role in preserving
information from earlier layers and facilitating efficient gradient flow through shortcut
connections [45]. This block, inspired by Ma et al.’s work [41], consists of convolutional
layers, batch normalization, and activation functions, followed by another convolutional
layer and batch normalization for stable activations. A residual connection then adds
the original input to the output of the batch normalization layer before a final activa-
tion function constrains the output. Ultimately, the feature vector for the geostatistical
realizations is formed by a 256-dimensional representation obtained from the last dense
layer.
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Figure 2.2: The processing details for conducting dimensionality reduction of Porosity
(POR) are illustrated in (a). it specifically involves 3D block encoders, 3D max-pooling,
and a 3D residual block. This entire process is repeated for every geological uncertainty.
A more in-depth explanation of the encoder block is provided in (b). Likewise, for a
comprehensive explanation of the residual block, refer to (c).

Table [2.1] thoroughly details the encoder phase for each 3D geological uncertainty,
where Encoder Block, Pool, Dense, and Residual Block denote a 3D encoder block, 3D
max-pooling layer, dense layer, and 3D residual block, respectively, with each 72 x 48 x 24
uncertainty expanded to a 72 x 48 x 24 x 1 tensor for 3D convolutional layer process-
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ing across z, y, and z grid block counts. Specifically, each EncoderBlock comprises
a sequence of 3D convolutional layers (with L2 normalization), batch normalization,
ReLU, and dropout, followed by a 3D Max Pooling and dropout layer; concurrently, a
Residual Block integrates 3D convolutional layers (with L2 normalization), batch normal-
ization, ReLU, and a residual connection between the original input and the output of the
last batch normalization, before a final ReLLU, with this hierarchical sequence culminating
in a 256-dimensional feature vector from a dense layer after flattening.

Table 2.1: 3D CNN for dimensionality reduction of a single geological uncertainty (e.g.,
Porosity). The network compresses a 72x48x24x1 volume into a 256D vector while
preserving key spatial patterns.

Stage Operation / Hyperparameters Output Purpose / Notes

Input Input tensor (72, 48, 24, 1) Single 3D cube (e.g.,
POR) with one channel.
EncoderBlockl: Conv3D, 16 filters,

Block 1 3% 3x3, stride 2 (36, 24, 12, 16) I.Illtlal Z.’)D feature extrac-
tion with coarse down-
sampling.

MaxPooll: 3x3x3 (12, 8,4, 16)  Spatial summarization
(x3 per axis).

Dropoutl (12, 8, 4,16)  Regularization.

Block 2 EncoderBlock2: Conv3D, 32 filters, (12, 8,4, 32)  Increases channel capac-

3x3x3 . .
ity at constant spatial
scale.

ResidualBlock: Conv3D, 32 filters, (12,8, 4,32) Residual shortcut pre-

3x3x3 . .
serves information and
eases gradient flow.

Block 3 EncoderBlgcki%: Conv3D, 64 filters, (6, 4, 2, 64) Second abstraction stage

3x3x3, stride 2 . .
with further spatial re-
duction.

MaxPool2: 2x2x2 (3,2, 1, 64) Final 3D compaction.

Dropout2 (3,2, 1, 64) Additional  regulariza-
tion before projection.

Projection Flatten (384) 3x2x1x64 = 384 fea-
tures.

Dense (POR feature vector) (256) Final compact represen-
tation (256D) for the
proxy /simulator.

Operation: volumetric input — hierarchical reduction (Conv+Pool) with residual refinement —
compact 256D vector (compression ~324x: 72x48x24x1=82944 — 256).

The objective of using 3D convolutional layers is to capture spatial and depth features
within 3D geological uncertainty over time. Moreover, 3D pooling layers can effectively
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downsample the spatial dimensions of the volumetric data, preserving crucial information.
Furthermore, the encoder block in this sequence acquires and learns representations and
features from the input data. The residual block facilitates direct gradient flow, improv-
ing the training efficiency. Lastly, integrating Dropout and L2 regularization techniques
has been instrumental in mitigating overfitting tendencies and augmenting the network’s
capacity for generalization.

In this thesis, the CNN architecture adopted for each 3D geological uncertainty is
outlined as follows: at the I** layer of a neural network, we initially focus on transforming
the output from the previous layer, E;_1, into an auxiliary representation, Fj,,,1. In this
context, F; and F;_; respectively represent the feature maps at layers [ and [ — 1 (where
Ey represents some geological uncertainty). This transformation is crucial for capturing
relevant features before applying regularization techniques. Equation describes the
process of computing Fj,,..1, incorporating L2 normalization, batch normalization, and
ReLU activation.

Ejaur1 = ReLU(BatchNorm(L2Norm(W; - E;_1 + b;))) (2.1)

The symbols W; and W2 represent 3D kernels with a size of 3 x 3 x 3, while b; and
biauze Tepresent the biases. The % symbol signifies the convolution operation, involving
the summation of element-wise products of W; and the corresponding region of E;_;, and
Wiauz2 and the corresponding region of FEj,..». The subsequent application of Dropout
t0 Elgug1 results in Ejguq.0, as detailed by Equation [3.2] a critical step for mitigating
overfitting during training.

Elaua:? = Dropout(Elauazl) (22)

Finally, Ej,..2 is transformed into the layer’s output, FEj, through a second series
of L2 normalization, batch normalization, and ReLU activation operations. Equation
outlines this process, emphasizing the importance of maintaining consistency and
effectiveness across layers.

E; = ReLU(BatchNorm(L2Norm(Wiauz2 © Eiauz2 + biauz2))) (2.3)

L2 regularization is applied to mitigate overfitting, followed by a Batch Normalization
layer to normalize the input of each layer [ by adjusting and scaling the activations.
Normalization is followed by a Re LU activation, which introduces non-linear features. The
Dropout layer then helps reduce overfitting. Specifically, this describes the configuration
of the encoder block.

The method incorporates 3D max pooling layers using two pooling kernels: 3 x 3 x 3
and 2 x 2 x 2. These layers reduce the dimensions of each feature map by a factor of
3, and in the last layer, decrease the dimensions by a factor of 2. We then introduce a
Dropout layer to mitigate overfitting.

In our CNN architecture, we integrate a residual block. The residual block is struc-
tured with a shortcut connection, allowing information to propagate directly from earlier
to later layers. This design preserves crucial features and streamlines gradient flow dur-
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ing training. The objective is to approximate the desired underlying mapping H (z) by
leveraging the residual function F(x) = H(x) — x, where x represents the inputs. This
residual function captures the disparity between the desired mapping H(z) and the iden-
tity mapping x, enabling the stacked layers within the residual block to focus on learning
the necessary residual features for refining the input data. Operationally, the residual
block performs F(z) + x through a sequence of composite functions, including convolu-
tion, batch normalization, and ReLU layers. Put together, these operations contribute to
the computation of the residual features F'(x). The shortcut connection structure through
element-wise addition seamlessly integrates the input x with the calculated residual fea-
tures F'(x). This direct connection path facilitates efficient information flow and mitigates
the risk of vanishing gradients.

As the 3D geological uncertainty input (e.g., porosity) undergoes recursive processing
through the EncoderBlock-Pool-Dropout-ResidualBlock layers, the dimensions of the fea-
ture map (d;) along the z, y, and z directions decrease, while the total number of feature
maps increases. Following the final Dropout layer, we apply a flattened layer to compact
the spatial dimensions of the feature map. Finally, a Dense layer generates the vector
representation of the geological uncertainty in 256 features. We repeat this process for
each 3D geological parameter.

Regression Block

By implementing dimensional reduction to 3D geostatistical realizations, we obtain four
feature vectors with 256 dimensions each. These arrays are concatenated with the scalar
properties, resulting in 1094 features. Subsequently, two fully connected layers were em-
ployed to process the compacted vector. The first layer contains 512 neurons, while the
second layer consists of 140 neurons, resulting in the proxy response (Figure . The
process of concatenation is demonstrated through the following equation.

C’ompacted_Vector = OONCAT(FPOR, FPERM; FNTg, FRockType; FScalar) (24)

Within this framework, the C'ompacted Vector symbolizes the concatenated array,
culminating in a comprehensive assemblage of 1094 features. In precise terms, Fpogr
designates the Porosity attribute subjected to dimensional reduction, Fpgrys corresponds
to the dimensionally-condensed Permeability characteristic, Fyrg encapsulates the Net-
to-Gross aspect following dimensional reduction, Frocrrype €ncapsulates the rock type
trait post-dimensional condensation, and Fg.... encompasses the scalar properties of the
reservoir. Similarly, the subsequent equation outlines the regression task.

Proxy Response = FC(FC(Compacted Vector)) (2.5)

In this equation, Proxy Response signifies the replication of the simulator’s response
applied to the Compacted Vector. Specifically, this process involves utilizing two suc-
cessive fully connected layers, each housing 512 and 140 neurons, respectively. The final
output of this operation constitutes the simulator’s response replicated for the cumulative
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production across the entire spectrum of objective functions, encompassing oil, water, gas,
and pressure.

The choice of loss function is crucial in determining the training process and learning
dynamics of neural networks. In our proxy, we specifically aim to minimize the SMAPE
loss function. The formulation of this loss function is presented below.

100 <~ |F; — Ay
MAPE = — -
SMAPE®) == (a2

n -
=1

(2.6)

where © represents the trainable parameters, F; corresponds to the simulation data,
and A; corresponds to the regression generated by the proxy for the i-th sample.

We adopt the Adam optimizer [46] with an initial learning rate of 0.0001 for the
training. This learning rate was selected after testing a range of values to identify the most
promising value that ensures stable convergence while avoiding issues such as overshooting
or slow learning. To mitigate the risk of overfitting, we employ an early stopping technique.
The proxy undergoes training over 250 iterations, leading to the derivation of weights
tailored to our proposed methodology. Given the relatively modest sample size of the
proxy model, a batch size of 8 is used.
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Figure 2.3: The end-to-end solution employs the dimensionally-reduced properties to
conduct regression via the utilization of Dense layers.

2.4 Output Representation

We trained a single architecture with 140 output neurons. These outputs include the re-
sponses generated by our end-to-end proxy. This approach starkly contrasts conventional
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methodologies, where the same architectures are trained multiple times, each correspond-
ing to the objective function evaluated for individual wells. In other words, traditional
approaches repeatedly train the same neural network. Recent research efforts by Sudakov
et al. [4] and Maschio et al. [1] also involved training multiple instances of the same neu-
ral network. These networks utilize 3D geological uncertainty inputs during training to
replicate the simulator’s response based on the specific objective function under analysis.
For example, Sudakov et al. [4] trained a set of 31 ANNSs to predict values for oil satura-
tion and pressure, while Maschio et al. [I] conducted a study with 160 ANNs. In contrast
to these established practices, our present study trained a unique neural network. We
employed a single end-to-end 3D CNN proxy that can replicate the simulator’s response
for each well and each distinct objective function.

To comprehend the significance of the 140 neurons, one must perform a detailed anal-
ysis of Figure . In part a), the oil objective function, specifically the well P10, is
depicted with a series of cumulative curves spanning 2206 days. However, it is worth
noting that the well was not operational throughout this period; it was active for only
323 days. Consequently, the x-axis represents these 323 days, and the y-axis represents
production during this specific time frame.

For part b), a single curve is selected from this set. In part c), following a methodology
inspired by the research conducted by Maschio et al. [1], we identified five specific time
instances, denoted as tg, t1, t9, t3, and t4, corresponding to days 506, 1,014, 1,360, 1,775,
and 2,156, respectively. This selection is made possible by cumulative production curves,
which demonstrate that a small set of time points can effectively represent the entire
curve. As shown in (d), this process is repeated. For each cumulative curve within well
P10, use these curves with just five days rather than the full 323 days. Therefore, the
curves between a) and d) differ; however, d) represents a).

The previous example was employed for the well P10 within the context of the oil
objective function. Given that there are seven producer wells for oil, by applying the
same procedure and selecting identical days for each well, we obtained a total of 35 days.
The same process was thereafter executed for each objective function, ultimately yielding
a cumulative total of 140 days (35 days x 4 objective functions).

We underscore that these cumulative curves encapsulate data generated by the reser-
voir simulator, encompassing key metrics such as Np (cumulative oil production), Wp
(cumulative water production), Gp (cumulative gas production), and BHP (pressure pro-
duction) for each respective producer well.

2.5 Results and Discussions

To assess the effectiveness of the proposed methodology, we employed a Brazilian offshore
field, known as the S-Field, situated within the geographical boundaries of the Campos
Basin. This reservoir comprises 200 geostatistical realizations, i.e., 3D maps of porosity,
permeability, net-to-gross, and rock types, each dedicated to simulating the intricate
dynamics of fluid flow through porous and permeable media under the subsurface.

To verify the method’s effectiveness against data limitations, we explored three combi-
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Figure 2.4: Ilustrates our methodology, building on the approach described by Maschio
et al. [I]. In a), Well P10 is presented with a set of cumulative curves spanning 2206
days. In b), we select a single curve from the set. In ¢), we identify five equidistant points
along this curve and use them to replace the entire curve. As shown in d), this process is
repeated for each cumulative curve within Well P10. We underscore that this procedure is
applied not only to Well P10 but to all other wells and each respective objective function.

nations to partition the dataset. The first combination consisted of 50 samples allocated
for regressor training, 20 for validation, and 130 for the subsequent testing set. In the
second combination, 100 examples were used for regressor training, 40 samples for val-
idation, and 60 samples for further testing. Lastly, the third combination involved 140
samples for training, 20 for validation, with the remaining 40 samples for further testing.
Experiments were performed using two NVIDIA Quadro RTX 8000 GPUs, each featuring
48 GB of GDDR6 memory.

The study evaluated the robustness of the architecture compared to state-of-the-art
methodologies. We selected recent methodologies proposed by Maschio et al. [I], Sudakov
et al. [4], Ma et al. [41] and Kolajoobi et al. [6] for comparison. We replicated the methods
proposed by these authors on our dataset to meticulously assess the introduced technique,
adhering closely to their original methodology.

For each of these methodologies, we employed four metrics: the Correlation Coefficient
(R), the Coefficient of Determination (R?), the Symmetric Mean Absolute Percentage
Error (SMAPE), and Computational Time (CTime). The R value provides insight into
the degree of association between simulated and proxy values, offering information on
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the strength and direction of their relationship. Meanwhile, R? measures the predictive
capacity of the proxy. SMAPE gives a balanced assessment of forecast accuracy. Finally,
CTime denotes the time required for each approach to upload files, train, and predict the
proxy’s response.

In Tables and we compare our end-to-end 3D CNN approach with state-of-the-
art methodologies, including a comparison with Maschio et al. [I], who also analyzed the
same reservoir. In contrast to the approach that utilizes Principal Component Analysis
(PCA) with 150 feature vectors for dimensionality reduction, our method strategically
employs 129 components. This number represents the optimal count at which the ex-
plained variance reaches an acceptable threshold. Additionally, we incorporate 70 scalar
attributes, resulting in a total of 199 components for each model. We chose five points on
cumulative production curves at specific times (days 506, 1,014, 1,360, 1,775, and 2,156)
for each producer, resulting in 140 points across seven producers and four objective func-
tions. Consequently, our architecture predicts 140 points; 35 related to each fluid.

To compare, Sudakov et al. [4] reshaped uncertainties for use in a multilayer feedfor-
ward network with two hidden layers (128 and 64 neurons), training 28 ANNs for seven
producers across four objective functions. Ma et al. [41] introduced a Hybrid Recurrent
Convolutional Network (HRCN) combining residual and encoder blocks with two bidirec-
tional LSTM layers (64 neurons), also training 28 HRCNs. Kolajoobi et al. [6] applied
PCA with 10 components followed by two ANNs with layers of 30 and 20 neurons. In
contrast, our methodology distinctively trains a single ANN, diverging from the multiple
model approach of the prior studies.

Table compares our end-to-end 3D CNN with leading methods on oil and water
prediction, presenting metrics averaged over training runs with 50, 100, and 140 simulation
models. Our approach demonstrates superior performance, achieving the lowest SMAPE
values for both oil (3.413) and water (19.437), which indicates high predictive accuracy.
Furthermore, it yields strong correlation coefficients (R) of 0.970 for oil and 0.954 for
water. However, the R? values suggest the model’s goodness of fit could be enhanced,
particularly for water predictions. In contrast, the method by Maschio et al. [1], while
competitive, results in higher prediction errors (SMAPE of 5.370 for oil and 27.458 for
water). Its slightly lower R and R? values also point to a less robust data fit compared
to our model.

To continue the analysis of Table , Sudakov et al. [4] present an alternative approach
that closely competes with our end-to-end 3D CNN method. Their SMAPE values are
slightly higher than ours for both oil (3.615) and water (19.648), but they achieve superior
R? values. Notably, their R? value of 0.963 for oil stands out as the highest among all
methods, indicating a superior fit to the data. Ma’s et al. [4I] methodology yields
results consistent with other approaches. While their SMAPE values are higher than
ours, their R? (0.907, 0.857) values suggest reasonable predictive accuracy. Kolajoobi’s et
al. [6] method demonstrates moderate performance compared to other approaches. Their
SMAPE values are higher for oil (4.980) and water (26.945), indicating prediction errors.
Similarly, their R and R? values suggest a less precise fit to the data.

The results represent the average performance across three different partitioning ratios.
By carefully analyzing each combination, we can recognize the significant influence that
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Table 2.2: Comparative evaluation of our end-to-end 3D CNN with state-of-the-art meth-
ods focusing on oil and water-related objective functions.

0Oil Water
‘Work SMAPE R R? SMAPE R R?
end-to-end 3D CNN 3.413 0.970 0.939 19.437 0.954 0.907
Maschio et al. [1] 5.370 0.929 0.847 27.458 0.907 0.798
Sudakov et al. [4] 3.615 0.963 0.963 19.648 0.946 0.890
Ma et al. [41] 4.167 0.959 0.907 22.711 0.936 0.857

Kolajoobi et al. [6] 4.980 0.940 0.882 26.945 0.919 0.843

dataset size exerts on our findings. Employing 50 simulation models for training yielded
an SMAPE of 3.528. Increasing the training dataset to 100 simulation models resulted
in a slightly improved SMAPE of 3.359. Further enlarging the training dataset to 140
simulation models yielded a comparable SMAPE of 3.351 for oil prediction. For water
prediction specifically, utilizing 50 simulation models for training produced an SMAPE of
19.744, while doubling the training dataset to 100 simulation models resulted in a reduced
SMAPE of 19.436. Employing 140 simulation models for training led to a further reduction
in SMAPE to 19.13. A notable observation is that, even with a limited dataset size of
50 samples, our approach demonstrates competitive predictive performance compared to
using a larger dataset of 140 samples. This finding underscores the practical applicability
of the approach in data-constrained environments.

Regarding Maschio’s et al. [I] work, employing 50 simulation models for training
yielded an SMAPE of 7.203 and 33.84 for oil and water, respectively. Utilizing 100
simulation models for training resulted in an SMAPE of 5.099 and 27.125 for oil and
water, respectively. Meanwhile, employing 140 simulation models for training yielded an
SMAPE of 3.809 and 21.409 for oil and water, respectively. We observe that, as the
number of simulations increases, the SMAPE decreases for oil and water. Continuing
with Sudakov’s et al. [4] findings, employing 50 simulation models for training resulted in
an SMAPE of 3.658 and 19.476 for oil and water, respectively. Utilizing 100 simulation
models for training yielded an SMAPE of 3.576 and 19.572 for oil and water, respectively.
In the meantime, employing 140 simulation models for training resulted in an SMAPE of
3.611 and 19.897 for oil and water, respectively. Even with a higher count of samples, the
slight variation in SMAPE suggests the method’s resilience and effectiveness, even when
faced with data constraints.

The results presented in Table provide a comparative evaluation of gas and pres-
sure. Our end-to-end 3D CNN demonstrates promising performance across gas and pres-
sure domains, as indicated by the lowest SMAPE values achieved: 3.461. Our approach
also yields strong correlation coefficients (R) of 0.969 for gas and 0.880 for pressure,
meaning significant linear relationships between predicted and actual values. However,
while the R? values for gas and pressure suggest a reasonable fit to the data, there is
still room for improvement, particularly in the pressure predictions, where the R? value
is comparatively lower at 0.765.

In comparison, the results presented by Maschio et al. [I] show higher SMAPE values
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for both gas (5.357) and pressure (1.562), indicating larger prediction errors compared to
our approach. Additionally, their correlation coefficients and R? values are lower, which
suggests a less robust fit to the data. Sudakov et al. [4] present an alternative approach
with competitive performance. Their SMAPE values are slightly higher than ours for
both gas (3.622) and pressure (1.136), but they achieve high correlation coefficients and
R? values, particularly for gas predictions. Similarly, the approaches by Ma et al. [41]
and Kolajoobi et al. [6] demonstrate moderate performance compared to our method.
Although their SMAPE values are similar to ours, our end-to-end 3D CNN outperforms
them with higher R and R? values in gas and pressure predictions, highlighting its supe-
riority in accurately replicating the simulator’s response.

Table 2.3: Comparative evaluation of our end-to-end 3D CNN with state-of-the-art meth-
ods focusing on gas and pressure-related objective functions.

Gas Pressure
Work SMAPE R R? SMAPE R R?
end-to-end 3D CNN 3.461 0.969 0.939 1.055 0.880 0.765
Maschio et al. [I] 5.357 0.930 0.864 1.562 0.791  0.538
Sudakov et al. [4] 3.622 0.964 0.930 1.136 0.858  0.727
Ma et al. [41] 4.128 0.960 0.910 1.257 0.842  0.680
Kolajoobi et al. [6] 4.995 0.940 0.882 1.401 0.801 0.611

Our analysis across different training sizes (50, 100, and 140 simulation models) demon-
strates a steady improvement in SMAPE values for both gas and pressure predictions,
with marginal gains as the dataset size increases. Employing 50 simulation models for
training yielded an SMAPE of 3.57; increasing the training dataset to 100 simulation
models resulted in a slightly improved SMAPE of 3.414. Further enlarging the training
dataset to 140 simulation models yielded a comparable SMAPE of 3.399 for gas prediction.
Specifically for pressure prediction, employing 50 simulation models for training produced
an SMAPE of 1.085, while doubling the training dataset to 100 simulation models resulted
in a reduced SMAPE of 1.062. Employing 140 simulation models for training led to a
further reduction in SMAPE to 1.017. Remarkably, the model shows competitive perfor-
mance even with as few as 50 models, indicating its robustness in sparse data conditions.
This robustness emphasizes the model’s potential for practical use in situations where
data is limited.

Regarding Maschio’s et al. [I] work, employing 50 simulation models for training
yielded an SMAPE of 7.297 and 2.006 for gas and pressure, respectively. Utilizing 100
simulation models for training resulted in an SMAPE of 4.958 and 1.562 for gas and
pressure, respectively. Meanwhile, employing 140 simulation models for training yielded
a SMAPE of 3.815 for gas and 1.119 for pressure, respectively. We observe a significant
decrease in SMAPE for gas and pressure as the number of simulations increases. Con-
tinuing with Sudakov’s et al. [4] findings, employing 50 simulation models for training
resulted in an SMAPE of 3.675 and 1.123 for gas and pressure, respectively. Utilizing
100 simulation models for training yielded an SMAPE of 3.568 and 1.12 for gas and pres-
sure, respectively. Meanwhile, employing 140 simulation models for training resulted in
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an SMAPE of 3.623 and 1.165 for gas and pressure, respectively. Despite the increase in
the number of samples, we observe that the change in SMAPE is almost negligible.

Our end-to-end 3D CNN approach surpassed all other methodologies in simulating re-
sponses across diverse objective functions (oil, water, gas, pressure) thanks to its ability to
process volumetric data and maintain spatial patterns. Sudakov’s et al. [4] method stands
out as the second-best, effectively utilizing spatial geological data, yet simpler techniques
like PCA and CNN fall short in comparison. Ma’s et al. [41] complex HRCN architecture,
despite its advanced components, struggles with stability, often complicating rather than
enhancing predictive performance. Similarly, the methodology proposed by Kolajoobi et
al. [6], which employs PCA and ANN with a shallow network, may underperform com-
pared to 3D CNN or HRCN, primarily due to limitations in capturing complex nonlinear
relationships within the data. While PCA effectively reduces input space dimensional-
ity, it may not capture intricate data variations, particularly in high-dimensional spaces.
Lastly, Maschio’s et al. [1] methodology, relying on PCA and a simplistic neural network,
was less effective in capturing data variability, resulting in modest performance against
more sophisticated models.

An essential consideration in reservoir analysis pertains to the computational time
(CTime) required for conducting the necessary calculations. Table [2.4| compares the com-
putational performance of our 3D CNN approach with several state-of-the-art methods.
It is worth noting that our results are based on a single neural network architecture, un-
like the methodologies referenced, such as Maschio et al. [1], which employed 140 neural
networks—equivalent to 5 days x (7 producers x 4 objective functions), while the re-
maining methodologies utilized 28 neural networks, which correspond to (7 producers x 4
objective functions). The assessment covered various computational tasks, including file
loading, normalization, training, and replicating the simulator’s response using different
training samples: 50, 100, and 140.

Table 2.4: Comparative evaluation of the time performance of our end-to-end 3D CNN
compared to state-of-the-art methods. This evaluation focuses on computing time for
tasks such as uploading files, normalization, training, and predicting the replicated simu-
lator responses across various combinations of training samples: 50, 100, and 140.

CTime
Work 50 100 140
end-to-end 3D CNN  6:36 6:41 6:46
Maschio et al. [1] 13:53 30:13 34:53
Sudakov et al. [4] 01:08:58 01:15:55 01:48:09
Ma et al. [41] 02:29:13 06:32:05 07:18:45
Kolajoobi et al. [0] 7:21 8:17 9:13

Our end-to-end 3D CNN consistently outperforms all methodologies assessed in com-
putational time across all training sample combinations. Specifically, our approach ex-
hibits significantly shorter computation times than Maschio et al. [I], who also tackled
this reservoir but utilized considerably greater computational resources. Ma et al. [41]
showcases the lengthiest computation times, especially with greater training sample sizes,
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indicating potential scalability concerns with larger datasets. Similarly, Sudakov et al. [4]
demonstrate computationally intensive results as sample sizes increase, although not as
pronounced as in Ma et al. [41], making it impractical. Meanwhile, Kolajoobi et al. [6]
demonstrate relatively competitive computation times, particularly with smaller sample
sizes.

The time calculations were based on the fact that all methodologies execute four tasks:
file loading, geological uncertainty normalization, training, and predicting the simulator’s
responses. Concerning the first two tasks, all methods load and normalize files in 2 minutes
and 13 seconds. The discrepancy in performance becomes apparent during training and
predicting the simulator’s response, where the efficiency of the methodology is observed.

When using 50 simulation models for training and prediction, the total time invested
was 4 minutes and 23 seconds. Including the additional 2 minutes and 13 seconds required
for file loading and normalization, the total time amounted to 6 minutes and 36 seconds.
Similarly, using 100 simulation models for training and prediction required 4 minutes and
28 seconds, resulting in a total of 6 minutes and 41 seconds. Meanwhile, employing 140
simulation models for training and prediction took 4 minutes and 33 seconds, resulting in
a total time of 6 minutes and 46 seconds. Summarizing the findings from Table 2.4] it is
clear that our end-to-end 3D CNN approach surpasses all other methodologies in terms
of computational efficiency for replicating the simulator response.

A closer examination of Tables and [4.4] reveals that the methodology closest to
ours, as observed in terms of SMAPE, R, and R? metrics, implemented by Sudakov et al.
[4], does not maintain consistency, as illustrated in Table 2.4 This inconsistency stems
from the high computational costs incurred by training numerous networks and increasing
the number of simulation models. Similarly, Table highlights that the methodology
with the closest computational efficiency to ours corresponds to Kolajoobi et al. [6].
However, despite this efficiency, suboptimal performance is observed in SMAPE, R, and
R? metrics. This fact can be attributed to the limitations of the technique employed to
reduce dimensional and spatial information, which may not be the most suitable approach
for addressing 3D geological uncertainties.

Sudakov et al. (2019) are recognized for achieving the second-highest performance
with their approach, which effectively combines spatial geological data with fluid prop-
erties. However, their methodology is associated with high computational costs, mainly
due to the absence of initial dimensional reduction and the requirement to train a total
of 28 networks. Kolajoobi et al. [0] also show commendable computational efficiency and
adaptability to increased simulation model sizes despite training 28 networks. The ap-
proach under discussion relies on just 10 PCA components to represent high-dimensional
data. While this method aims for simplicity, it may overlook crucial spatial details, which
could lead to inaccuracies in modeling and analysis due to the possible loss of significant
information.

Our method surpasses other state-of-the-art approaches in key performance metrics
(SMAPE, R, and R?), as shown in Tables and , highlighting the aptitude of the
3D CNN for managing volumetric data to identify complex geological patterns. The
effectiveness and scalability of our comprehensive approach are highlighted in Table [2.4]
This table illustrates how our method can simulate responses across all wells and functions
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Figure 2.5: Cumulative production curves from our end-to-end 3D CNN (in green) closely
match the simulator’s outputs (in gray) across selected days. The analysis spans various
wells and objective functions; oil for Wells p10 and p8, gas for Wells p6 and p2, pressure for
Well p10, and water for Well p5, demonstrating the methodology’s accuracy in replicating
real-world production data.

using a single network, demonstrating its capability to handle an increasing number of
simulation models efficiently. We now proceed to detail the performance metrics visually.

Figure [2.5] presents six plots of cumulative production curves from different wells and
objective functions, with five points per plot, indicating the production on days 506,
1014, 1360, 1775, and 2156. The proxy results from our 3D CNN methodology (green)
align closely with the simulator’s outputs (gray), evidenced by the SMAPE metric, which
indicates accurate proxy simulation behavior.

Figure [2.6] further corroborates these findings across all test simulation models, show-
ing a close alignment between the proxy and simulator curves. The high values of R
and R? indicate a strong consistency that affirms the accuracy of the proxy. This also
demonstrates the effectiveness of our end-to-end 3D CNN architecture, as evidenced by
the results presented in Tables and [4.4]

To provide a comprehensive understanding of the characteristics of our proxy, Figure
elucidates the visual representation of the simulator’s replicated responses in the ob-
jective functions of the test set. These figures are also accompanied by their respective
metric values - namely R, R?, and SMAPE - which indicate correlation strength, explana-
tory effectiveness, and precision. These results validate the accuracy of the regression
model predictions and offer insights into the extent to which the end-to-end 3D CNN
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Figure 2.6: Several outcomes stemming from our end-to-end 3D CNN application on the
simulator are showcased for all models within the P2 producer in the test set.

reflects the behavior of the simulator.
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Figure 2.7: For each image, the correlation representation for each objective function
encompasses the entirety of the producers, specifically P10, P2, P3, P5, P6, P8, and P9.
The illustration includes correlation metrics R with R? and SMAPE metric.

Figures (a) and (b) present an agreement between the results, where R, R?, and
SMAPE show a directly proportional relationship. Specifically, for the oil objective func-
tion, R is 0.974, R? is 0.944, and SMAPE is 3.41. Meanwhile, for the pressure objective
function, R is 0.889, R? is 0.79, and SMAPE is 1.046. However, regarding the water ob-
jective function, while the relationship between R and R? remains directly proportional,
SMAPE exhibits an inversely proportional relationship, with our approach showing a
SMAPE value of 25.021.

To understand the elevated SMAPE values for water, the study analyzed the metric’s
behavior. As shown in Figure (c), many water values are close to zero. The SMAPE
metric is known to be sensitive to near-zero values, as small absolute errors can yield
disproportionately large percentage errors when the real and predicted values are small
[47]. This artifact explains the high SMAPE score observed. To provide a more robust
assessment, our analysis is augmented with scale-invariant metrics. Our approach yielded
an R value of 0.957, indicating a strong linear relationship, and an R? value of 0.915,
suggesting our model explains 91.5% of the variance in the observed data. These results
offer a more comprehensive view of the model’s strong performance on the water objective
function.
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2.5.1 Sensitivity Analysis

Explainable Artificial Intelligence (XAI) is an emerging field aimed at enhancing the
transparency of ML architectures to foster trust among users. XAl frameworks generate
reports elucidating the operations of ML architectures, seeking to demystify their work-
ings. Similarly, DL networks are often characterized as “black boxes” due to the challenge
of interpreting their predictions. To address this challenge, Kassem et al. [48] employed
class activation mapping and Grad-CAM [49] to offer visual explanations of predictions
made by CNNs. Grad-CAM generates class activation maps that highlight crucial areas
in input images used by the CNN to predict class labels.

Understanding the mechanics behind our end-to-end 3D CNN methodology is crucial
for its trustworthiness, interpretability, and generalizability [10], 48]. Explaining how our
methodology works improves transparency and enables stakeholders to make informed
decisions. An in-depth explanation helps identify key geological uncertainties, under-
stand simulation models under various conditions, and pinpoint any biases or weaknesses.
Given the importance of precise simulator predictions in the oil industry, elucidating our
approach enhances the confidence and reliability of our results. We will further explore
this through a sensitivity analysis in the subsequent subsection.

Similar to Cirac et al. [10], we utilize Sobol sensitivity analysis [50], a mathematical
technique, to assess the influence of both geological uncertainties and fluid properties
(inputs) on replicating the simulator response (output). This method decomposes the
output variance, attributing portions to each input and its interactions, facilitating the
identification of significant variables and their interactions. Sobol is well-suited for this
task because it can capture nonlinear effects and interactions between variables, therefore
providing a comprehensive understanding of the behavior of our approach.

In the context of our study, we deal with a DL model that processes high-dimensional
3D features and concatenates them with scalar properties after encoder reduction. In the
analysis, we only used the encoded representations of the 3D features (each reduced to 256
dimensions). This approach allowed us to focus on the influence of the most significant
features extracted by the model rather than analyzing the millions of 3D data points.
However, we identified that scalar inputs, not subjected to dimension reduction, exerted
a disproportionate influence on the model outputs. We believe this was due to differences
in scale. We standardize all model inputs, including encoded representations of 3D and
scalar features. This step was essential to ensure that Sobol’s analysis was not unduly
influenced by the scale of the variables, allowing for a fair comparison of the relative
importance of each input.

The Figures represent the results of Sobol’s analysis. The first image shows the
first-order, while the second shows the total index. Both indicate the average contribu-
tion of five groups of characteristics — Porosity (Por), Rock Type (Rtp), Net to Gross
(Ntg), Permeability (Perm), and Fluid properties — to the variance in the output of our
methodology. The 3D geo-realizations presented a more significant contribution to the
first-order index and the total, suggesting that variations in these characteristics have a
considerable direct and interactive impact on our end-to-end 3D CNN output. On the
other hand, Fluid properties show a reduced influence, indicating that they have a less
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direct relationship with output variability.

Average Feature Contribution - Sobol First-order Average Feature Contribution - Sobol Total Index

First-order Index
Total Index

Rtp

Ntg Perm
Feature Group

Ntg Perm Uncertanty
Feature Group

Uncertanty

Figure 2.8: Sensitivity Analysis: The upper section delineates the first-order interactions,
while the lower showcases the higher-order interactions.

2.6 Final Remarks

DA processes frequently require days or even weeks for a single reservoir application. In-
corporating our end-to-end proxy model to substitute the simulator effectively tackled
several challenges, including the treatment of 3D geological uncertainties and the repli-
cation of the simulator’s response within oil reservoir management. Simultaneously, our
proposed method diverges from prevailing practices seen in recent work [1] and [4], which
involve training numerous proxies, ranging from 31 to 160 ANNs. In contrast, our study
deviates from these conventional approaches by opting to train a single ANN. We present
a novel end-to-end 3D CNN proxy approach that delegates any errors that might occur
during various stages of 3D uncertainty processing to the architecture. By leveraging
a 3D CNN for dimensionality reduction, we achieved an accurate vector representation,
demonstrating a tangible advantage in handling complex, multidimensional geological
uncertainties. The use of 3D geological realizations, including porosity and permeability,
obtained from a live oil reservoir (73 x 38 x 24 dimensions) underscores the practical
applicability of our approach in real-world scenarios.

A notable accomplishment of our study lies in the simultaneous handling of four dis-
tinct objective functions within a cutting-edge multi-objective framework. Our methodol-
ogy overcomes the limitations of fragmented training and offers a comprehensive descrip-
tion of reservoir behavior. The successful emulation of the simulator’s behavior across
all fluid types underscores the versatility of our approach. Comparatively, our method
demonstrates robustness when contrasted with state-of-the-art methodologies: Maschio
et al. [1], Sudakov et al. [4], Ma et al. [41], and Kolajoobi et al. [6].
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Chapter 3

A Multimodal Approach to
Reconstructing Geological
Uncertainties Using a Deep Residual
Variational Autoencoder

This work was submitted to the Computers & Geosciences Journal, with permission from
“Jeanfranco Farfan, Gabriel Cirac, Guilherme Daniel Avansi, Denis José Schiozer, and
Anderson Rocha. Multimodal Approach to Reconstructing Geological Uncertainties Using
a Deep Residual Variational Autoencoder, 2025.”

In this chapter, we advance our end-to-end proxy beyond production prediction to
address a second, complementary task: reconstruction. We introduce a unified frame-
work that reconstructs original 3D geological uncertainties with high fidelity, integrating
rock properties (e.g., porosity, permeability, rock type, net-to-gross) and reservoir-fluid
descriptors. Accurate reconstruction is essential for DAUR workflows: it validates the
dimensionality-reduction stage, restores simulator-compatible inputs, and preserves geo-
logically plausible structure.

3.1 Introduction

Modern proxy models are commonly classified by Input/Output type: image-to-image,
image-to-sequence, and vector-to-sequence |51} [52]. The Image-to-Image methods 52, 53,
541, 55, 56] employ images for both input and output. The methods use geological pa-
rameters as input (such as permeability, effective grids, cracks, and irregular boundaries)
and flow field parameters as output (such as saturation or pressure maps). In contrast,
Image-to-Sequence methods [41], [57] utilize geological image input data to generate out-
put sequences often associated with the evolving dynamics of the reservoir over time.
Lastly, the Vector-to-Sequence methods [24] use vectors as input data, representing reser-
voir properties such as relative permeability, density, and viscosity, to predict production
data.

Contemporary proxy models employing a multimodal approach for predicting produc-
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tion data typically tackle the problem through a two-step process [1, 4, 20, 24]: first,
reducing the dimensionality of 3D geological images, and second, replicating the simula-
tor response. Concerning the reduction of dimensionality in geological images, Ma et al.
(41, [57]) proposed two methods. In the initial method (Ma et al. [57]), they introduced
a spatio-temporal convolution recurrent neural network (CRNN) surrogate model. This
approach utilized a densely connected Convolutional Neural Network (CNN) to extract
features from spatial parameters, followed by Spatial Pyramid Pooling (SPP) to convert
spatial features into vector features. The second method (Ma et al. [41]) presented a Hy-
brid Recurrent Convolutional Network (HRCN) that employed a residual CNN to extract
spatial features using Global Average Pooling (GAP) to derive vector features.

While these approaches forecast production from reduced representations [41) [57], the
reduction itself discards variability that may be geologically meaningful. As a result,
validating a proxy requires a restoration step that (i) recovers information lost during
reduction, (ii) returns to simulator-compatible 3D inputs after DAUR, and (iii) checks
that proxy outputs remain consistent with the original uncertainties. The restoration
process also facilitates the return to the original 3D geological uncertainty after the DAUR
process. This step is essential for ensuring that the proxy-generated data aligns with the
original geological uncertainties, thereby maintaining the integrity of the analysis and
interpretation. Additionally, reconstructing the 3D geological uncertainty is critical to
ensure compatibility with the simulator’s input requirements.

In the literature, Maschio et al. [1] employed Principal Component Analysis (PCA),
incorporating the PCA inverse transform, to reconstruct geostatistical realizations after
the Data Assimilation for Uncertainty Reduction (DAUR) process. Similarly, PCA was
utilized by Ma et al. [24] to reduce the dimensionality of both 2D and 3D geological maps
while generating reconstructions. However, PCA’s objective is to capture maximum data
variance using a reduced set of orthogonal components.

While effective for dimensionality reduction and simplifying data representation, this
approach may result in the loss of crucial information, especially within the domain of 3D
geological uncertainties, where detailed and nuanced information is vital for accurate re-
construction. While prior studies on geological uncertainties have demonstrated positive
outcomes with PCA, such as those referenced by [T}, [6], it is important to acknowledge
that PCA operates under a linear assumption [30]. However, when dealing with 3D geo-
logical realizations, nonlinear characteristics become significant, thus rendering PCA less
advisable for our domain. Additionally, we diverge from the approach of using indepen-
dent PCA modules, as we emphasize an end-to-end framework. A single model is likely
to be more robust than a multi-stage model [26], where errors from each component can
compound.

Our approach differs from the literature, where the reconstruction of 3D geological
uncertainty typically involves a single geological uncertainty as input [3, 4 6 20]. Our
design handles four geological uncertainties in the same end-to-end proxy, capturing and
reconstructing patterns, structures, and variations inherent to each geological uncertainty,
while also accounting for the intricate relationships and interactions among them.

We leverage a 3D DRVAE to reconstruct all 3D geological uncertainties from a latent
space. The reduction of 3D geological dimensionality generates the latent space, includ-
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ing porosity, permeability, rock type, net-to-gross, and a vector of reservoir properties.
Our end-to-end proxy solution integrates three distinct yet interconnected components:
an encoder, a decoder, and residual connections. The encoder maps 3D geological un-
certainties into a lower-dimensional latent space. The decoder reconstructs samples that
closely resemble the original 3D uncertainties. The residual connections enable a more
direct flow of gradients through the network during backpropagation. These connections
preserve information from preceding layers and establish shortcuts for efficient gradient
flow.
The contributions of this chapter are summarized as follows:

1. The proposed surrogate proxy reduces the computational time of the DAUR process
from days to minutes.

2. Our framework integrates compression, assimilation, and reconstruction, preserving
the structural integrity of 3D geological data.

3. The proposed 3D DRVAE end-to-end proxy outperforms traditional PCA, recon-
structing geological features with high spatial fidelity.

4. The high-fidelity reconstructions enhance the DAUR process and help mitigate reser-
voir management risks.

3.2 Related Work

Researchers have applied dimensionality reduction to multimodal reservoir data to im-
prove computational efficiency [57, 41]. However, since real-world reservoir models contain
vast numbers of grid cells [I1], this process risks substantial information loss. Our work is
distinguished by its use of geological reconstruction to validate the fidelity of the dimen-
sionality reduction, ensuring the reduced representation preserves the original semantics.

Previous studies have used Principal Component Analysis (PCA) for dimensionality
reduction and reconstruction of geological maps [II, 24]. While PCA can be effective [6, 1],
it is a linear method [30]. This linearity makes PCA less suitable for 3D geostatistical
realizations, where nonlinear characteristics are significant and their preservation is vital
for accurate reconstruction.

Deep learning methods offer advantages in handling such nonlinear relationships |58,
59]. Within Image-to-Image proxy approaches, convolutional encoder-decoder architec-
tures, such as Autoencoders (AEs) [60], are commonly used to transform geological pa-
rameters into a low-dimensional representation and then generate output maps [51), [56].
For example, a Deep Convolutional Autoencoder (DCAE) was used to reduce data di-
mensionality for monitoring CO, sequestration [61], and a temporal-3D CNN with an AE
design was employed for simulator surrogacy in subsurface flow problems [62|. However,
AEs like the DenseNet-based encoder-decoder (DenseED) [55] do not model the latent
space probabilistically, limiting the diversity and realism of reconstructed samples.

Variational Autoencoders (VAEs) [63] address this by modeling the latent space as a
probabilistic distribution, enabling the generation of more diverse and realistic samples.
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VAEs have been applied in reservoir characterization, often with Ensemble Smoother with
Multiple Data Assimilation (ES-MDA) or other variants of this optimization strategy [64],
to parameterize and reconstruct geological uncertainties [65], 66]. These studies, however,
highlighted two key challenges: a noted decrease in reconstruction accuracy for 3D geolog-
ical uncertainties [66], and the potential for vanishing gradients in deep VAE architectures
[67].

The vanishing gradient problem can be mitigated by incorporating residual connections
[45], a technique used in architectures like Unet [68] and recent geoscience applications to
improve gradient flow and capture complex data patterns [69]. Inspired by these advances
[70, [71], we introduce residual connections into our VAE design to create a novel network,
the 3D Deep Residual Variational Autoencoder (DRVAE). In contrast to prior studies that
often rely on linear PCA or handle a single geological uncertainty, our approach introduces
a 3D Deep Residual Variational Autoencoder (DRVAE) capable of reconstructing multiple
uncertainties simultaneously. By incorporating residual connections, the proxy overcomes
vanishing gradient issues and captures complex spatial patterns more effectively. This
work uniquelyreconst ensures high-fidelity reconstruction across four geological properties,
setting a new standard for preserving 3D uncertainty structure in reservoir modeling
workflows.

3.3 Proposed Methodology

We propose a 3D Deep Residual Variational Autoencoder (DRVAE) to reconstruct 3D
geological uncertainties. Reconstruction serves two roles for DAUR: (i) it validates di-
mensionality reduction by comparing originals and reconstructions, and (ii) it produces
simulator-ready volumes that visualize how uncertainty evolves through assimilation.

The methodology is organized in two stages. Stage 1 introduces the 3D DRVAE
reconstruction module, which integrates an encoder, a decoder, and residual connections,
as illustrated in Figure 3.1} Stage 2 evaluates the 3D reconstructions against the original
3D uncertainties to assess the technique’s robustness.

The encoder maps the concatenated 3D uncertainties into a lower-dimensional latent
space, from which the VAE generates new samples based on learned mean and variance
parameters. The decoder then reconstructs samples that closely mirror the original 3D
uncertainties. Residual connections, shown as dashed lines in the figure, link the encoder
and decoder to fine-tune the reconstructions, ensuring alignment with the initial geological
data.

The proxy utilizes five geological uncertainties: four 3D geological uncertainties (rep-
resented as grid blocks) and one vector of reservoir properties. Each 3D geological un-
certainty undergoes quantile normalization [42], a critical preprocessing step for handling
non-linear data and adjusting it to a format more suitable for proxy training.

3.3.1 Encoder

Following preprocessing, each 3D geological uncertainty is cropped and padded to adjust
its dimensions from 73 x 38 x 24 to 72 x 48 x 24. This adjustment creates dimen-
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Figure 3.1: The 3D DRVAE reconstruction module showcasing the interconnected com-
ponents of the encoder, decoder, and residual connections. This framework facilitates the
reconstruction of 3D geological uncertainties, validating the robustness of the dimension-

ality reduction technique and enabling the visualization of uncertainty reduction within
the reservoir.

sions that are more computationally efficient for the encoder’s convolution and pooling
operations, allowing for their uniform application across the data matrix while preserv-
ing spatial structure [72, 58]. The preprocessed data is then fed into the dimensionality
reduction module (Figure (a)).

As shown in Figure (b), each 3D uncertainty is processed through hierarchical
strata using 3D encoder blocks and max-pooling layers. An encoder block encapsulates
convolutional layers, normalization layers, and activation functions to learn data repre-
sentations. It also incorporates skip connections [45] (CONV1 3D and CONV2 3D) to
capture identity information from the input data for use with the residual connections
(Section . This reduction process yields a 256-dimensional feature vector for each
of the four 3D uncertainties. These vectors are concatenated with the scalar properties
to create a 1,094-dimensional feature set.

Table [3.1] summarizes the encoder for each 3D geological uncertainty. We use TEncB,
Pool, and Dense for a 3D encoder block, a 3D max-pooling layer, and a dense layer,
respectively. Each uncertainty is expanded to a 4D tensor of size 72 x 48 x 24 x 1,
where 72, 48, and 24 are the grid-block counts along x, y, and z. A TFEncB contains
Conv—Batch—ReL U-Dropout—Conv—Batch—ReL U, with L2 regularization on the convolu-
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Figure 3.2: Diagram illustrating the 3D Encoder architecture. Figure (a) shows the over-
all structure of the encoder, including layers of encoder blocks and 3D pooling, leading to
a dense layer. Figure (b) provides a detailed breakdown of the encoder block, highlight-
ing its hierarchical processing through convolutional layers, batch normalization, ReL.U
activation, and dropout. These components work together to handle complex geological
data, preserve high-frequency details, and efficiently reduce dimensionality.

tional weights. After each block, a 3D max-pooling layer and Dropout are applied. The
hierarchy proceeds to Flatten and a Dense layer that yields a 256-D vector. The resulting
encodings, Epor, Eperv, Errp, Enta, and Escuqr (porosity, permeability, rock type,
net-to-gross, and scalar properties), are concatenated to form the latent space.

In the framework’s ['!' layer, the previous output E;_; (with Ej denoting the input
geological uncertainty) is mapped to an auxiliary representation Ejg..1. Equation
summarizes this step, combining L2 regularization, batch normalization, and ReLU:

Elgus1 = ReLU(Batch(L2(W, * E;_1 + by))) (3.1)

Here, W, and Wi .0 are 3 x 3 x 3 kernels and b;, b, are biases. Dropout is then
applied to Ejuyu1 to obtain Ej,.o (Equation [3.2]) to mitigate overfitting:

ElauzZ - Dropout(Elauxl) (32)
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Table 3.1: 3D CNN encoder architecture details.

Input Output Shape
Input 1 (Porosity) (72, 48, 24, 1)
TEncB1, 16 filters, 3 x 3 x 3 (72, 48, 24, 16)
Pooll, 2 x 2 x 2; Dropout (36, 24, 12, 16)
TEncB2, 32 filters, 3 x 3 x 3 (36, 24, 12, 32)
Pool2, 2 x 2 x 2; Dropout (18, 12, 6, 32)
TEncB3, 64 filters, 3 x 3 x 3 (18, 12, 6, 64)
Pool3, 2 x 2 x 2; Dropout (9, 6, 3, 64)
TEncB4, 128 filters, 3 x 3 x 3 (9, 6, 3, 128)
Pool4, 3 x 3 x 3 (3, 2, 1, 128)
Flatten (768)

Epor (256)

Eperm (256)

Egrrp (256)

Enre (256)

EScalar (7())

Epor ® Eppry © Errp ® Ente @ EScatar  (1,094)

Finally, Ej,..2 is transformed into the layer output E; through a second pass of L2
regularization, batch normalization, and ReLU (Equation, ensuring consistency across
layers:

b = ReLU(Batch(LQ(VVlauxg * Bjguao + blaux2))> (3.3)

Within each encoder block, L2 regularization and Dropout curb overfitting, Batch
normalization stabilizes activations, and ReL U introduces nonlinearity.

The architecture includes 3D max-pooling layers with 2 x 2 x 2 and 3 x 3 x 3 kernels,
each followed by Dropout, to reduce feature-map dimensions. As inputs progress through
the TEncB-Pool-Dropout hierarchy, the spatial sizes (d;) decrease while the number of
feature maps increases. A Flatten layer compacts the volume, and a Dense layer forms a
256-dimensional feature vector for each uncertainty.

The four 256-dimensional vectors are then concatenated with the scalar properties,
yielding 1,094 features:

Epror ® Epprv @ Errp © Enta @ Escalar (3.4)

where @ denotes concatenation of the reduced 3D uncertainties (Epor, EFpery, EnTa,
Errp) and the reservoir scalar properties (Escaar)-

3.3.2 Decoder

The decoder uses the concatenated array as the latent space within the VAE frame-
work. This distribution is updated using the mean and variance (Figure |3.1)), introducing
stochasticity that enables diverse output generation during training. The sampled data
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is then processed hierarchically through 3D transpose CNNs, 3D upscaling, and decoder
blocks to reconstruct the 3D geological uncertainty, as shown in Figure (a).

The decoder block (Figure (b)) employs transpose convolutional layers, batch nor-
malization, and activation functions to reconstruct the 3D uncertainty data. It integrates
two residual connections, ADD1 and ADD2, from the encoder block to mitigate the
vanishing gradient issue (detailed in subsection .
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Figure 3.3: The diagram depicts the 3D Decoder architecture. Figure (a) shows the de-
tails of the decoder, including dense layers, decoder blocks, 3D upsampling layers, and 3D
transpose convolutions. Figure (b) provides a detailed breakdown of the decoder block,
highlighting its hierarchical processing through transpose convolutional layers, batch nor-
malization, and ReLU activation, while emphasizing skip connections from the encoder
block linked to the outputs of ReLU1 and RelLU2. The decoder architecture reconstructs
detailed geological features from the latent sample through a series of sequential opera-
tions.

In the encoder, each 3-D uncertainty enters as a 72 x 48 x 24 voxel block and passes
through four strata where a binary reduction of spatial resolution (72 — 36 — 18 — 9
— 3) is matched by a doubling of channel depth (1 — 16 — 32 — 64 — 128). The
decoder mirrors this pathway in reverse: a variational re-sampling of the latent vector is
successively expanded, transposing convolutions that double spatial extent at each step
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(3 =6 — 12 — 24 — 48 — 72) while reducing channel depth, culminating in four fully
restored geological volumes. Residual links from the encoder are injected at homologous
depths, so the network learns corrections rather than entire reconstructions. This strat-
egy stabilises gradients and preserves fine-scale geological structure. This compact yet
expressive hierarchy, therefore, captures, compresses, and faithfully regenerates complex
3-D uncertainty fields within a single, coherent framework.

Table presents the decoder architecture, where TDecB, UP, TConv, and Dense
denote a 3D decoder block, a 3D upscaling layer, a 3D transpose convolutional layer, and
a dense layer, respectively. The variational layer (VAR) processes the concatenated array
(@) by applying two dense layers to compute the mean and log-variance of the latent
space. Reparameterization then generates a sampled representation by adding random
noise to these parameters. The sequence consists of a Dropout layer, two Dense layers,
and a reshaping step into a 4D tensor with dimensions 3 x 2 x 1 x 128, where 3, 2,
and 1 represent the grid block counts along the z, y, and 2z axes, and 128 denotes the
number of feature maps. Each 3D decoder block is composed of a transpose convolution
(TConv), Batch, a ReLU, and an addition (Add) operation. The sequence includes two 3D
transpose convolutional layers with intermediate L2 regularization, batch normalization,
ReLU activation, and element-wise additions with the outputs from the encoder’s CONV2
and CONV1.

After completing the 3D decoder block, the architecture applies a 3D upscaling layer
and a Dropout layer, progressively enlarging the dimensions to 72, 48, and 24 along
the x, y, and z directions. This sequence is followed by two additional 3D transpose
convolutional layers, with the final layer’s filters capturing the key features required for
3D geological reconstruction. The outputs correspond to the reconstructions of the four
3D geological properties.

Equation represents the fundamental components of a VAE. The VAE framework
encodes the input 3D geological uncertainty (z) into a latent space (z), represented by
the concatenated vector (). From this latent space, the mean (p) and log variance
(log(c?)) are computed. A new sample (2) is then generated using reparameterization,
which integrates random noise (€) from a normal distribution, A(0, 1).

z = Encoder(z)

p = Mean(z)

o = log(c?(2)) (3.5)
e ~N(0,1)

Z=p+o-¢

The architecture of the CNN decoder designed for 3D geological reconstruction is pred-
icated on sequential operations. The decoder architecture reconstructs detailed geological
features from this latent sample through a series of sequential operations. The process
begins with feature map enhancement, as described in Equation [3.6] This step combines
learned features with those from the encoding phase.

Diaur = ADD(ReLU[Batch (L2(W, * Dy + )))], Ey) (3.6)
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Table 3.2: 3D CNN decoder architecture details.

input output size
Epor ® Epprv @ Errp © Entg @ Escatar  (1,094)
VAE, Dropout (1,094)
Densel, L2, ReLU 1,094)
Dense2, L2, ReLLU, Dropout 256)

Dense3, L2, ReLU

Reshape, Dropout

UP1, upsampling of size 2 x 2 x 2
TDecB1, 128 filters of size 3 x 3 x 3
UP2, upsampling of size 2 x 2 x 2
TDecB2, 64 filters of size 3 x 3 x 3

(
(
(768)
(
(
(
E
UP3, upsampling of size 3 x 3 x 3 (
(
(
(
(
(
(
(
(
(

—_

2

.2, 1,128
.4, 2,128
4,2, 128

) Y

— — —

7

3

6

6, 4,

12, 8, 4, 128)

12, 8, 4, 64)

36, 24, 12, 64)
TDecB3, 32 filters of size 3 x 3 x 3 36, 24, 12, 32)
UP4, upsampling of size 2 x 2 x 2 72, 48, 24, 32)
7 )
7
7
72
72
7
7

2,48, 24,1

TDecB4, 16 filters of size 3 x 3 x 3 2,48, 24, 16
TConvl 2,48, 24, 8)
TConv2 2,48, 24, 1)
PORg , 48,24, 1)
PERMpg , 48,24, 1)
NTGg 2 48,24, 1)

)

RT P

In this operation, D;_; is the previous layer’s feature map, W/ is a 3D transpose
convolution kernel, and Ej is the feature map from the corresponding encoder layer. The
process involves 3D transpose convolution, L2 regularization, batch normalization, and
ReLU activation. A subsequent refinement step, shown in Equation [3.7] further improves
the output by integrating earlier encoder features (Fjuyq1)-

D; = ADD(ReLU[Batch(L2(W. o * Digus + biauz2))]s Eraus1) (3.7)

Here, Equation 3.7 extends the transformation process, employing another set of trans-
pose convolution operations (WL .. bjaue) along with the reintroduction of earlier en-
coder features (Ejqu.1) to further refine the output. This step underscores the synthesis of
detailed textural and structural attributes that are essential for accurate 3D reconstruc-
tion.

The decoder’s architecture, through Equations[3.6 and [3.7] leverages convolutional op-
erations for feature extraction and spatial translation, enhanced by regularization and nor-
malization techniques to counteract overfitting and improve training stability. Moreover,
the encoder-derived features via residual connections exemplify a strategy to preserve and
augment critical geological information throughout the decoding process, ensuring that
the reconstructed outputs faithfully represent the complexity and nuance of 3D geological
formations.

In this study, we utilize 3D upsampling layers with 3 x 3 x 3 and 2 x 2 X 2 pooling
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kernels, implementing a “same" padding strategy. Following the dense layers with 1,094,
256, and 768 neurons, we apply a reshape layer to handle multidimensional data. The
data then undergoes recursive processing through the UP-DROPOUT-TDecB layers until
it reaches three transpose convolutional layers, with the final layer utilizing an activation
function to output the 3D reconstructed geological uncertainty. This process happens four
times until it reaches the shape of the 3D geological uncertainties. Subsequently, two 3D
transpose convolutional layers are employed. The final filter in the second 3D transposition
convolutional layer captures the essential features for 3D geological reconstruction.

3.3.3 Residual Connection

Residual connections, incorporated into our DRVAE network depicted in Figure [3.4] aim
to mitigate the issue of vanishing/exploding gradients [45]. We employ shortcut connec-
tions that involve identity mapping, which links the encoding layer to its corresponding
mirrored decoding layer, enabling the implementation of residual networks in a nested
manner, extending from the outermost to the innermost layers, as depicted in Figure [3.4]
We propose this methodology inspired by the work of Unet [68], Segnet [73], and Wang

et al. [T1].
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Figure 3.4: Shortcut connections between the encoder and decoder blocks. Specifically,
the first encoder block is connected to the last decoder block, the second encoder block
is connected to the penultimate decoder block, and the third encoder block is connected
to the antepenultimate decoder block. Finally, the last encoder block is connected to the
fourth-to-last decoder block, ultimately reaching the latent space. These connections aim
to mitigate the issue of vanishing and exploding gradients.

In Figure|3.5] we illustrate the encoder block in yellow-brown and the decoder block in
blue, providing detailed views in the right part. These two blocks collaborate to establish
the residual connection. For the encoder, we selected two 3D convolutional layers, namely
CONV1 3D and CONV2 3D, which are interconnected through the residual connection,
forming a skip connection. This connection involves element-wise addition with RELU3
and RELU4 in the decoder block.
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Figure 3.5: Detailed view of the residual connection. From left to right, the encoder block
is shown in yellow, and the decoder block is shown in blue. The interaction between these
two blocks is facilitated by two skip connections from the encoder to the decoder. First,
the output of the first convolutional layer in the encoder (CONV1 3D) is connected to
the output of the activation function in the decoder (RELU3). Second, the output of the
second convolutional layer in the encoder (CONV2 3D) is connected to the output of the
second activation function in the decoder (RELU4).

3.4 Results and Discussion

We illustrate and examine the outcomes from the comparative analysis between the base-
line approach, an ablation study, and the optimal configuration unearthed through the
ablation study. For both the baseline and Ablation Study, our analysis focuses on partic-
ular layers along the Z-axis, specifically visualizing selected layers and comparing their
original and reconstructed uncertainties. After identifying the best performance within
an approach, we further investigate it by analyzing various metrics. This allows to assess
different elements related to reconstruction accuracy and fidelity in greater detail.

3.4.1 Loss Function and Metrics

In Equation the DRVAE loss (Lprvag) is calculated as the mean loss over a batch of
data samples, with N representing the batch size. Each MSE term quantifies the match
between original and reconstructed data for a specific property, for instance, PERM,; and
PERMr;. This loss formulation aims to guide the training toward accurate reconstruc-
tion, which is crucial for effectively handling 3D geological uncertainty.

MSE(POR;, PORr;)+
o MSE(RT P;, RTPr;)+
L= > MSE(NTG;, NTGr,)+ (3.8)

=1 | MSE(PERM,;, PERMr;)+
KL(N (s, o7) IV (0, 1))

In this context, y denotes the original 3D geological uncertainty, while ¢ signifies the

reconstructed 3D geological uncertainty. The variable n corresponds to the total number
of simulation models. Similarly, the Kullback-Leibler (KL) divergence can be illustrated
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using Eq.

KL(N(p,0%) | N(0,1)) 12 (1+log(o}) — i — a7) (3.9)
=1

The expression KL(N (i, 5?)||N(0,1)) denotes the KL divergence, which measures
the disparity between a normal distribution characterized by mean p and variance o2,
and the standard normal distribution. It quantifies the dissimilarity between these two
distributions. In the formula, N'(u, o?) represents a normal distribution with mean y and
variance o2, while AV/(0, 1) signifies a standard normal distribution with a mean of 0 and
variance of 1. The variable n corresponds to the number of dimensions in the distribution,
while y represents the mean of the distribution in dimension i, and ¢? represents the
variance in dimension i.

We assess reconstruction quality using eight metrics: the Correlation Coefficient (R)
for similarity, Mean Squared Error (MSE) for discrepancy, Histograms for distributional
similarity, the Kernel Density Estimation (KDE) provides a smooth, continuous estimate
of the probability density function of the data, the Structural Similarity Index (SSIM) for
spatial feature preservation, Fréchet Inception Distance (FID), a metric used to evaluate
the quality of 3D geological uncertainty generated by generative proxy, and Peak Signal-
to-Noise Ratio (PSNR) for evaluating the clarity and sharpness of the reconstructed image,
and Visual Comparison (VC) for overall visual agreement with the original uncertainty.
Each metric evaluates a distinct reconstruction accuracy and fidelity aspect, which offers
a comprehensive view of the proxy’s performance.

3.4.2 Implementation and Training

The DRVAE network was implemented using the TensorFlow and Keras libraries [74].
The 200 simulation models from the dataset were randomly partitioned into a training
set (70%), a validation set (10%), and a testing set (20%).

The end-to-end proxy was trained by minimizing the combined MSE and KL-divergence
loss function (Equation using the Adam optimizer with an initial learning rate of
0.0001. Due to the limited sample size, a batch size of 8 was used. The training was run
for 250 iterations, with an early stopping mechanism to prevent overfitting.

3.4.3 Baseline

A baseline for comparison was established by evaluating the Principal Component Anal-
ysis (PCA) reconstruction technique from Maschio et al. [I], using 140 principal com-
ponents on the test dataset. A visual analysis of specific layers for four uncertainties
(porosity, net-to-gross, rock type, and permeability), as shown in Figure [3.6] reveals sig-
nificant discrepancies between the original and reconstructed data.

Figure illustrates that the reconstructed uncertainties only loosely resemble the
original ones regarding porosity, net-to-gross ratio, rock type, and permeability, revealing
several differences. This discrepancy suggests that the reconstruction process inadequately
captures the spatial patterns and distributions of geological uncertainties, indicating low
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Figure 3.6: Visual analysis of the PCA technique proposed in Maschio et al.’s work.
Utilizing 140 principal components, Figure [3.6] presents findings across four uncertainties.
Each row comprises four images, with pairs corresponding to specific uncertainties. The
first row depicts layer 12 (porosity) and layer 13 (net-to-gross uncertainty), while the
second row represents layer 14 (type of rock uncertainty) and layer 14 (permeability
uncertainty). Original uncertainties are displayed on the left, while reconstructions are
on the right.

fidelity and precision in the reconstruction effort. Specifically, the outputs for poros-
ity, net-to-gross ratio, and permeability exhibit similar patterns, with high heterogeneity
(depicted in red) observed in several parts of the figure. In contrast, low heterogeneity
(depicted in blue) is absent compared to the original image. Concerning rock type, the
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reconstruction introduces several components that do not align with the original uncer-
tainty. The issue arises because PCA aims to maximize data variance by using a set
of orthogonal components. However, in this process, it can overlook critical information
related to spatial distributions and subtle relationships within geological uncertainties.
Consequently, reconstructions based on PCA often fail to maintain the fine-grained de-
tails necessary for accurate 3D geological uncertainties, resulting in the loss of essential
features during the reconstruction process.

3.4.4 Ablation Study for 3D Geological Reconstruction

Based on the baseline results, this method clearly needs to be more accurate when applied
with a limited number of simulation models for the reconstruction task. Specifically, a
lower visual similarity between the original and reconstructed uncertainties implies that
the reconstructed data only loosely resembles the original, with several discrepancies.
This disparity implies that the reconstruction process using PCA proposed by Maschio
et al. [1] fails to accurately capture the spatial patterns and distributions of geological
uncertainties, thus demonstrating low fidelity and precision in the reconstruction effort.
Therefore, adopting a deep learning approach, such as our DRVAE, becomes essential to
construct a more effective system for reconstructing 3D geological uncertainties.

An ablation study involves evaluating the performance of a system by systematically
removing one or more of its components to assess the relative contribution of the omitted
elements [75]. In our investigation of the contribution of each component to the 3D
geological reconstruction, we conducted an ablation study, with the results presented in
Figure 3.7 For consistency, we selected 2D slices extracted from the same geological
uncertainty and at the same depth. Specifically, our analysis focuses on the twelfth layer
of porosity. To facilitate interpretation, we performed a side-by-side comparison between
the reconstructed outputs and the original uncertainty (Figure illustrates the original
3D porosity uncertainty), enabling specialists to assess the preservation or distortion of
spatial patterns. To minimize bias, we applied a uniform color scale across both the
reconstructed and original uncertainty.

The study demonstrated that a standard VAE architecture (Figure 3.7b) was insuffi-
cient, showing a limited ability to represent the reservoir’s shape and heterogeneity. The
introduction of residual skip connections in the DRVAE (Figure ) significantly im-
proved performance, enabling the proxy to discern general features such as heterogeneity
and geobody direction. However, this configuration struggled with an opaque visual qual-
ity and had difficulty rendering low-heterogeneity regions. To resolve this, a grid search
was performed to optimize the L2 regularization parameter. An optimal value of 0.0001
was found to effectively enhance the representation of these low-heterogeneity regions,
leading to the final, superior end-to-end proxy configuration (Figure .
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Figure 3.7: Ablation study on 3D geological reconstruction, assessing component impact.
Panel a) shows the original 3D porosity uncertainty, b) VAE approach, ¢) DRVAE archi-
tecture, and d) DRVAE with grid search on L2 regularization.

3.4.5 Comparing the Baseline with Our 3D Deep Residual Vari-
ational Autoencoder

To effectively demonstrate the superiority of our proposed DRVAE method, we rigorously
compare it against a conventional baseline approach. Unlike the DRVAE, the baseline
lacks a residual variational encoding strategy. The results, presented in Table [3.3] reveal
that the baseline consistently falls short, exhibiting lower correlation coefficients (R),
higher reconstruction errors (MSE), and diminished structural similarity (SSIM) for all
geological features. This is particularly pronounced in complex categorical attributes
such as rock type. Moreover, the baseline’s performance in generative fidelity (FID)
and visual clarity (PSNR) is markedly inferior, highlighting its inability to capture high-
level geological patterns and maintain spatial coherence. These comparisons not only
underscore the limitations of the conventional approach but also illustrate the advantages
of the DRVAE framework in the geological reconstruction task.

In Table [3.3] the results of our approach are presented for both the test and validation
sets. Specifically, the study evaluates the performance of the DRVAE method across the
reconstruction task of four 3D geological uncertainties, including porosity, net-to-gross
ratio, permeability, and rock type. To assess the effectiveness of our approach, we utilized
eight metrics: R, MSE, SSIM, FID, PSNR, Histograms, KDE, and a VC. The first three
metrics are displayed in Table [3.3] These metrics offer insights into correlation, accuracy,
fidelity, and structural preservation between the reconstructed and original uncertainties.

Our evaluation relies on five complementary criteria: R gauges linear correlation, MSE
measures absolute error, SSIM quantifies structural fidelity, FID assesses distributional
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Table 3.3: Performance Evaluation of the DRVAE Method for 3D Geological Uncertain-
ties.

Approach/Set Feature R MSE SSIM FID PSNR

Porosity 0.995 0.081 0.895 2.444 10.916
Rock type 0.984 0.076 0.908 2.561 11.178
Net-to-gross  0.999 0.020 0.970 0.587 16.980
Permeability 0.998 0.024 0.961 0.754 16.123

Our Approach/Test

Porosity 0.972 0399 0.695  9.624 3.985
Rock type 0.139 3.036 0.434 60.301 -4.823
Net-to-gross  0.968 0.450 0.685 11.088  3.470
Permeability 0.971  0.406 0.696  9.736 3.917

Porosity 0.994 0.080 0.897 2.314 10.974
Rock type 0.984 0.077 0.909 2.552 11.112
Net-to-gross  0.999 0.019 0.969 0.595 17.109
Permeability 0.998 0.025 0.959 0.723 16.075

Porosity 0.970 0.416  0.695  9.382 3.805
Rock type 0.141  3.047 0.435 62.281 -4.839
Net-to-gross  0.970 0.412  0.687 10.387  3.848
Permeability 0.970 0.412  0.696  8.953 3.851

Baseline/Test

Our Approach/Validation

Baseline/Validation

similarity, and PSNR captures visual clarity.

Table demonstrates consistently strong performance across all metrics, particularly
for Net-to-gross, which achieves nearly perfect linear correlation (R = 0.999), minimal
reconstruction error (MSE & 0.02), and outstanding structural fidelity (SSIM = 0.97)
in both test and validation sets. Distributional similarity is also highest for Net-to-gross
(FID = 0.59), matched by superior visual clarity (PSNR ~ 17.0). Permeability closely
follows, with high R, low MSE, strong SSIM (~ 0.96), low FID (= 0.75), and high
PSNR (= 16.1), indicating robust reconstruction.

In contrast, porosity and rock type exhibit slightly lower R (=~ 0.995 for porosity),
higher reconstruction error (MSE ~ 0.08), and more modest structural preservation
(SSIM ~ 0.90). Their higher distributional discrepancies (FID ~ 2.4-2.6) and reduced
visual clarity (PSNR ~ 11) further reflect moderate but consistent deviations from the
original uncertainties.

Taken together, these results demonstrate that Net-to-gross and permeability consis-
tently yield the most accurate, structurally faithful, and visually coherent reconstructions,
while porosity and rock type display slightly increased error and reduced similarity across
all evaluation metrics.

3.4.6 Analysis and Visualization Approach

To assess reconstruction accuracy, we analyze specific layers along the Z-axis. First,
selected layers are visualized to directly compare original and reconstructed uncertainties.
Next, kernel density estimation (KDE) is used to compare their distributions within the
same layers. Finally, histograms quantify global discrepancies across all Z-axis layers,
providing a comprehensive evaluation of reconstruction fidelity.

For detailed visual assessment, we focus on layers 12 and 14 (see Figures and ,
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presenting the original and reconstructed uncertainties side-by-side for all four principal

properties.
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Figure 3.8: Reconstructions of Geological Uncertainties Focusing on Layer 12.

3.4.7 KDE and Histogram Analysis

Figures [3.8[ and show that the reconstructed uncertainties closely match the original
ones regarding porosity, net-to-gross ratio, rock type, and permeability, with minimal dif-
ference. This resemblance suggests that the reconstruction process accurately captures the
spatial patterns and distributions of geological uncertainties, demonstrating high fidelity
and precision in the reconstruction effort.
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Figure 3.9: Reconstructions of Geological Uncertainties Focusing on Layer 14.

0 20 30 4 S50 60 70

0 20 30 40 S0 60 70

Figure [3.10] illustrates our research findings. Fach plot, arranged from left to right
and top to bottom, presents a KDE plot corresponding to a specific geological property
and layer: porosity, rock type, net-to-gross, and permeability. The plots first display data
for Layer 12, followed by Layer 14 for each scenario. The original data distribution is
represented in red in each KDE plot, while its corresponding reconstructed KDE distri-
bution is shown in blue. Across all scenarios, the reconstructed KDE distributions overlap
with the original distributions, indicating the effectiveness of the reconstruction method
in preserving the overall pattern or shape of the original data distribution.

Figure shows histogram plots for porosity, rock type, net-to-gross ratio, and per-
meability comparing original and reconstructed distributions. Each plot pairs an original
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Figure 3.10: Reconstruction Analysis of KDE Distributions for Porosity, Rock Type, Net-
to-Gross Ratio, and Permeability in Layers 12 and 14.

geological property with its reconstruction, arranged from left to right and top to bottom
for porosity, rock type, net-to-gross ratio, and permeability. The x-axis represents prop-
erty values, and the y-axis shows reservoir levels. By overlaying the reconstruction on
the original distributions, we find a close match in the histograms, which means that the
reconstruction process successfully captures and replicates the original data’s variability
and structure.

The findings demonstrate a robust correlation among geological properties, with high
R values indicating effective alignment between the reconstructed and original uncertain-
ties. The mean squared error results suggest precise reconstruction accuracy, although
variations were observed among different properties. Structural similarity was notably
good, though porosity and rock type exhibited slightly lower values due to their inherent
complexity. This still reflected significant resemblance overall.

Moreover, the FID metric reinforced the reconstruction’s effectiveness by evaluating
the distributional similarity between the original and reconstructed data. The PSNR con-
tributed insights into the sharpness and clarity of the reconstructed images. Visual anal-
yses, including Kernel Density Estimation (KDE) and histogram plots, further confirmed
the close match between the reconstructed and original uncertainties. Collectively, these
results underscore the accuracy, fidelity, and reliability of the reconstructed uncertainties,
providing a solid foundation for geological analysis in intricate subsurface environments.
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Figure 3.11: Geological Property Histogram Comparison.

3.5 Final Remarks

Our methodology demonstrated its potential by effectively reproducing the original geo-
logical uncertainties. The ablation study, which relied on the visual interpretation of our
experts through side-by-side comparison of the original and reconstructed uncertainties
using the same color scale, focused on the twelfth porosity layer. This approach enabled
the identification of preserved and distorted spatial patterns. The results indicate that in-
tegrating residual connections and applying normalization with an L2 regularization value
of 0.0001 are essential for achieving accurate reconstructions. Remarkably, high correla-
tion values indicate a significant relationship between the reconstructed and original data,
underscoring the accuracy of our approach. Despite minor discrepancies in porosity and
rock-type reconstructions because of their complex nature, our method maintained a high
level of structural fidelity. Visual analyses further validated the resemblance of the re-
constructed uncertainties to the originals, highlighting our model’s capability to capture
essential spatial patterns and distributions.
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Chapter 4

Meta Activation Functions for
Uncertainty Quantification in Reservoir
Modeling Proxies

This work was submitted to the IEEE Transactions on Neural Networks and Learning
Systems Journal, with permission from “Jeanfranco Farfan, Gabriel Cirac, Alexandre
Ferreira, and Anderson Rocha. Meta Activation Functions for Uncertainty Quantification
in Reservoir Modeling Proxies, 2025.”

In this chapter, we address a gap in the existing literature on proxy model development.
Specifically, to enhance the reliability and credibility of our end-to-end proxy predictions,
which generate approximate responses to the reservoir simulator, we have developed a
novel approach to estimate uncertainty in the proxies. As highlighted by Volodina and
Challenor [14], transparent reporting and communication of uncertainties are crucial for
ensuring the credibility of proxy models and maintaining trust in their predictions.

4.1 Introduction

Proxy-based neural networks provide an effective solution by offering efficient approxima-
tions that replicate the simulator’s input—output behavior while substantially reducing
computational requirements [20, 21, 22]. In recent years, DNN-based approaches have
been widely explored for this purpose. Maschio et al. [I] proposed a deep learning
method as a proxy for the reservoir simulator, employing Principal Component Analysis
(PCA) for dimensionality reduction.

Farfan et al. [2] proposed an end-to-end DNN proxy capable of handling 3D geo-
logical uncertainties and replicating the simulator’s response across several cumulative
production curves. This approach leverages 3D Convolutional Neural Networks (CNNs)
to process spatial and depth dimensions within heterogeneous reservoirs. Similarly, Yan et
al. [76] trained and tested a CNN-based proxy model to accurately predict oil and water
production. Their model utilized six channels to encode fracture information, including
fracture shape, time, matrix porosity, matrix permeability, fracture porosity, and fracture
permeability. Bayazitova et al. [77] proposed a proxy for real-time anomaly detection
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in offshore natural flow wells. Their methodology integrates Long Short-Term Memory
(LSTM) networks and Gated Recurrent Unit (GRU) backbones with genetic algorithms
to improve the monitoring of oil and gas flow.

However, current implementations of neural network-based proxies face important
limitations, most notably their inability to guarantee the reliability of predictions. This
shortcoming stems from a gap in the literature regarding the Uncertainty Quantification
(UQ) of proxies in reservoir management. As emphasized by Volodinal and Challenor
[14], transparent reporting and communication of uncertainties are essential to ensure the
credibility of proxy models and the trust placed in them. This form of uncertainty is
called epistemic uncertainty, which arises from limited knowledge about the parameters
of neural network-based proxies.

Several approaches to UQ in neural networks (NNs) have been proposed, including
ensemble-based methods 78| [79, [80], Bayesian neural networks (BNNs) [81], [82], hybrids
that combine both (Bayesian ensemble) [27, 83], and non-Bayesian approaches [84], [85].
Incorporating these techniques into NN-based proxies enhances the credibility of surrogate
predictions and strengthens confidence when approximating high-fidelity reservoir simu-
lators. In this work, we focus on Bayesian ensembles, which extend classical ensembles by
introducing priors over the parameters of the proxy models. Whereas classical ensembles
capture uncertainty through diversity induced by random initialization, Bayesian ensem-
bles draw proxy model weights from posterior distributions shaped by prior assumptions.
The choice of prior is therefore critical, as it encodes beliefs about parameter distributions
and directly influences the quality of the posterior predictive distribution [27]. To this
end, Pearce et al. [83] proposed the Anchored Ensemble (AE) method, which replaces
conventional weight decay (regularizing parameters toward zero) with a scheme that reg-
ularizes weights toward their initialization values (anchors). Because these initialization
values are sampled from a prior distribution, the resulting ensemble admits a bayesian
interpretation.

In this work, we propose a novel method, called Meta Activation Functions Ensem-
ble (MAFs Ensemble), designed to improve the robustness of uncertainty estimation in
DNNs. MAFs Ensemble builds upon two existing techniques: Anchored Ensembles (AE)
and Random Activation Functions Ensembles (RAFs Ensemble), originally introduced by
Pearce et al. [83] and Stoyanova et al. [27], respectively. Following the approach of Pearce
et al. [83], we adopt the AE framework to handle uncertainty via Bayesian anchoring en-
semble. However, we depart from the RAFs Ensemble method of Stoyanova et al. [27], in
which ensemble members are initialized with randomly chosen activation functions that
remain fixed during training. Instead, in MAFs Ensemble, we propose that activation
functions should be input-dependent rather than static or aleatoric.

To this end, we introduce an adaptive computation mechanism inspired by principles
of meta-learning [80, 87, [88]. The key idea is to increase ensemble diversity by allow-
ing each neural network to dynamically modulate its activation functions via a convex
combination of multiple base activations, with mixture weights determined by the input.
This mechanism enables the activation behavior to adapt continuously based on the in-
put context, thereby improving both flexibility and representational capacity. Ensemble
diversity is widely recognized as a critical factor in ensemble performance. As highlighted
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by Zhang and Ma [89], lack of diversity often results in degraded performance. MAFs En-
semble addresses this by introducing activation-level diversity as a new axis of variation
within ensemble members.

We evaluate MAFs Ensemble against four state-of-the-art methods: AE [83], RAF En-
semble [27], Evidential Regression Network (ERN) [84], and Uncertainty-Regularized ERN
(UR-ERN) [85]. Experiments are conducted on both synthetic and real-world regression
datasets, with performance measured via negative log-likelihood (NLL) and symmetric
mean absolute percentage error (SMAPE). We evaluate the proposed method and the
baseline on a comprehensive collection of synthetic and real-world regression datasets.
Finally, we tested the robustness and scalability of our approach in the context of our
Brazilian offshore field, specifically by modifying the end-to-end proxy model proposed by
Farfan et al. [2] to incorporate the meta-network in place of the ReLU activation function.
The results show that our approach not only maintains high predictive accuracy but also
introduces a reliable estimation of uncertainty, marking a significant advancement in the
proxy models used for reservoir management.

The contributions of this chapter are summarized as follows:

1. The proposed method improves uncertainty quantification in DNN-based proxy
models for reservoir simulation by dynamically adjusting activation functions based
on input data, enhancing ensemble diversity and robustness.

2. The Meta-Learning mechanism embedded in MAFs Ensemble allows each ensem-
ble member to adapt its activation function contextually, improving flexibility and
representational capacity, and strengthening uncertainty estimation.

3. The MAFs Ensemble method outperforms or matches state-of-the-art uncertainty
quantification methods in both synthetic and real-world regression tasks, demon-
strating superior predictive accuracy and uncertainty estimation capabilities.

4. The proposed methodology was successfully applied to our Brazilian offshore field,
quantifying uncertainty in proxy-based models that replicate simulator behavior,
thereby improving decision-making in reservoir management.

4.2 Related Work

Over the past decade, the need to quantify the uncertainty of predictions generated by
DNNs has gained increasing attention. Several approaches to UQ in NNs have been
proposed, including Bayesian neural networks (BNNs), ensemble-based methods, hybrids
that combine both (Bayesian ensembles), and non-Bayesian approaches. Among these,
BNNs have been the most extensively studied, as they are robust to overfitting and can
be trained on both small and large datasets [90]. Puzyrev and Duuring [91] applied
UQ to geochemical data using the widely adopted Monte Carlo Dropout method. Their
work, validated on the WACHEM and WAMEX geochemical databases, demonstrated
a favorable balance between predictive accuracy and uncertainty estimation. Similarly,
Borquez et al. [92] employed Monte Carlo Dropout for classifying HER2-overexpressing
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breast cancer tissues, successfully quantifying predictive uncertainty. In another appli-
cation, Wang et al. [03] combined Markov chain Monte Carlo (PMCMC) with factorial
polynomial chaos expansion (FPCE) to improve UQ in hydrological predictions, where a
Gaussian anamorphosis transform was used to link parameter inference with uncertainty
propagation. Beyond these, Bayesian methods have also been integrated with deep active
learning (AL) to identify informative samples. For instance, Chen et al. [94] proposed a
probabilistic Bayesian active learning framework for machine fault diagnosis under scarce
labeled data, leveraging BNNs to guide sample selection. While Bayesian approaches
provide a rigorous theoretical foundation, they typically require substantial modifications
to training procedures and are computationally demanding.

Ensemble-based methods represent another prominent direction, valued for their scal-
ability and ease of implementation in real-world applications. Lakshminarayanan et al.
[78] introduced deep ensembles, a simple yet effective technique that combines probabilis-
tic ensemble training with adversarial training. Their approach delivered competitive or
superior performance compared to Bayesian methods such as MC Dropout, and proved
efficient even for large-scale tasks like ImageNet [95]. Osband et al. [96] proposed a re-
inforcement learning strategy inspired by statistical bootstrapping, where an ensemble of
models trained on perturbed datasets captures predictive uncertainty. Wenzel et al. [97]
extended this concept by incorporating variability not only in network weights but also
in hyperparameters. Their Hyperdeep ensembles, constructed via random hyperparame-
ter search combined with multiple initializations, highlighted the benefits of diversity in
both parameters and configurations. Nonetheless, ensemble methods also face limitations.
Stoyanova et al. [27] noted that ensembles often produce overly confident predictions,
while Pearce et al. [83] emphasized that capturing the full posterior distribution would
require a prohibitively large number of ensemble members.

Non-Bayesian approaches to UQ have recently gained attention, particularly the evi-
dential regression network (ERN), which frames learning as an evidence acquisition pro-
cess and integrates deep learning with Dempster—Shafer theory to jointly predict outcomes
and quantify uncertainty [84], 85]. Extensions of ERN include Wong et al. [98] modeled
data distributions using a scale mixture distribution (SMD), offering a simpler alternative
to the normal-inverse-gamma (NIG) prior by avoiding explicit priors on latent mean and
variance parameters. Ye et al. [85] further addressed the zero-gradient issue in evidential
regression networks by introducing an additional regularization term beyond the total
evidence penalty, allowing the model to capture and generalize patterns across the entire
training dataset. Similarly, Deng et al. [99] incorporated the Fisher Information Matrix
(FIM) to mitigate the excessive penalization of mislabeled classes by weighting class-
specific contributions for each sample in classification tasks. Despite these innovations,
several studies have shown that epistemic uncertainty is not reliably captured by eviden-
tial methods, as their theoretical foundations remain incomplete and suffer from issues
of identifiability, interpretability, and lack statistical meaning. Conversely, these tech-
niques should be recognized as energy-based algorithms for detecting out-of-distribution
instances|100], 1011, [102].

Although the Bayesian framework offers a principled and theoretically grounded ap-
proach to uncertainty quantification, its application to NNs is challenging due to the high
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computational cost and parameter space. NN ensembles offer a scalable alternative, but
are often criticized for overconfidence in predictions. To address this, hybrid approaches
have led to the development of Bayesian ensembles. A notable example is the anchored
ensemble introduced by Pearce et al. [83], which extends standard ensembles by regular-
izing each network’s parameters around values sampled from an anchoring distribution,
typically chosen to match the Bayesian prior. By repeating this randomized procedure
across networks, the ensemble approximates sampling from the full Bayesian posterior.
Efforts to further enhance ensemble diversity have been explored by Stoyanova et al. [27],
who proposed diversifying ensemble members through heterogeneous activation functions.
Rather than initializing each NN with the same activation function, their method assigns
a different (random) activation function to each prior, thereby introducing distinct nonlin-
ear properties and improving ensemble diversity. Extending this line of work, we introduce
diversity at training time by employing a convex combination of multiple activation func-
tions, where the contribution of each function is adaptively weighted according to its
relevance for the input.

4.3 Preliminaries

Following the notation of [27), 83] [103], aleatoric and epistemic uncertainties are denoted
by 02 and o2, respectively. Aleatoric uncertainty captures the inherent variability in the
data, while epistemic uncertainty reflects the lack of knowledge about model parameters
[85]. The predictive (total) uncertainty is defined as the sum of these two components:

ol =0, +o0. (4.1)

Let Siain denote a training dataset consisting of N independently and identically
distributed (i.i.d.) samples:

Strain = (95173/@),2 = 17 -'-7N7 (42)

where z; € R? represents a d-dimensional feature vector and y; € R is the corresponding
scalar output. The test dataset is denoted by Siest- The design matrix is represented by X
and the output vector by y, such that (Siain-X, Strain-y) and (Siest- X, Stest-y) correspond
to training and test data, respectively. A general regression task is formulated as

yi = f(zi) + €, (4.3)
where ¢; is a normally distributed noise term,
e ~ N(0,02), (4.4)

representing the aleatoric uncertainty inherent in the observations.
Consider a neural network with parameters #, H hidden units, and N training samples.
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Assuming a Gaussian prior over the parameters,
P<8) = N(epriom Eprior)> (45)

the Maximum a Posteriori (MAP) estimate of  is obtained as

1o
Oriap = argmaxy 1og(P(Suam | 0)) — = 205020 — Opior)

2 prior

2
27

(4.6)

In the ensemble setting with M neural networks, stochastic anchoring is introduced
by replacing 0,0y With a random variable Oanc ~ N (Oprior; Lprior) for each ensemble mem-
ber. This formulation ensures that each network is anchored to a distinct prior draw,
encouraging diversity and improving estimates of epistemic uncertainty.

Assuming homoskedastic Gaussian noise, the practical training objective for the j-th
ensemble member is expressed as

2
27

s 1
.+ N}FW(@ — Banc.;)

1 X
L;(0;) = N|y — Y (4.7)

where I' is a diagonal regularization matrix, whose j-th diagonal element is the ratio of

2

data noise of the target variable to prior variance for parameter 6;, diag(I'); = 02/ Tprior

and Ouyc ; is the stochastic anchor for the j-th network. This formulation explicitly links
the MAP estimation with the anchored ensemble framework, while remaining consistent
with the uncertainty decomposition in Equation (4.1J).

However, similar to Stoyanova et al. [27], we emphasize the limitations of the approach
proposed by Pearce et al. [83]. Specifically, it only models epistemic uncertainty, while
treating aleatoric (random) uncertainty as a constant. As highlighted by Stoyanova [27],
this is a limitation because, in practice, it is not always possible to clearly distinguish
between different sources or types of uncertainty.

Finally, the ensemble mean prediction over M networks is computed as

L M
y= szlyj' (4.8)

4.4 Proposed Method

This work introduces Meta-Activation Function (MAFs) Ensemble, a framework for es-
timating predictive uncertainty by extending ensemble learning with dynamic, data-
dependent activation functions. Unlike conventional ensemble approaches, which assign
a fixed activation function to each model, as in AE [83], or randomly allocate them, as
in RAFs [27], the proposed method leverages a meta-learning mechanism to adaptively
select and weight activation functions for each input. This adaptive selection enhances
the expressive capacity of the ensemble, increases diversity among members, and improves
uncertainty quantification.

At the core of MAFs Ensemble lies the adaptive activation mechanism. For the j-th
base model NN;, the activation function ¢;(x) is expressed as a convex combination of k
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candidate activation functions {ay,as, ..., ax}:
0;(@) =) o @ az), Y o (2)=1. (4.9)
i=1 i=1

The combination coefficients al(j) () are dynamically generated by a meta-network
conditioned on the input. This design enables each ensemble member to adapt its activa-
tion behavior to the local structure of the data, thereby capturing complex nonlinearities
and promoting diversity in each base learner.

The meta-network architecture (see Figure to get more details) consists of a
DenseNet [104] block, which facilitates feature reuse and stable gradient propagation,
followed by an attention [105] module that assigns higher weights to the most relevant
features for each prediction. This design ensures that the meta-network not only selects
activation functions but also learns when and how much each function should contribute.
Importantly, the activation adaptation is learned jointly with the base model parameters
via backpropagation under the anchor loss (Eq. .

After training, uncertainty is estimated from the variance of predictions across the
ensemble members. The key innovation of MAFs Ensemble is the meta-learning strat-
egy for adaptive activation functions, which enhances both ensemble expressiveness and
diversity, two crucial factors for reliable uncertainty estimation. By enabling each base
learner to condition its activation dynamics on the input, the proposed method demon-
strates superior ability to capture complex data patterns compared to ensembles with
static activations. This property directly addresses the observation by Stoyanova et al.
[27] that ensemble diversity is central to robust predictive performance.

Following the notation of Stoyanova et al. [27], let 9 and ¥y denote the prior mean and
covariance, 62 the aleatoric variance (uncertainty), m denote the number of base-learners,
and NN; the j-th ensemble. The training and prediction steps of MAFs Ensemble are
summarized in Algorithm [I The procedure begins by constructing a regularization ma-
trix and defining the set of candidate activation functions (lines 1-2). Each ensemble
member is then initialized from the prior distribution, while a meta-learning block gen-
erates adaptive activation weights, and both are trained jointly using stochastic gradient
descent (lines 3-7). During prediction (lines 8-13), outputs from all ensemble members
are aggregated to compute the predictive mean and epistemic variance, from which the
total predictive uncertainty is obtained.
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Algorithm 1 MAFs Ensemble

Require: Si ain, Stest, Priors pg, 2o, ensemble size m, aleatoric variance &

2
a

Ensure: Predictive mean ¢ and variance &,

1: T« a25;! > Regularization matrix
2 A+ {ay,...,ax} > Set of k activation functions
3: for j «+ 1 tom do > Train the ensemble
4: Initialize 00 ~ N (o, Xo)

5: Create NN, with adaptive activation ¢,;(z) > Defined in Eq. (4.9))
6: NN;. TRAIN(Sirain, I', 05,0, A) > Use loss in Eq. (4.7)
7: end for

8 for j < 1tom do > Predict with the ensemble
9: Jj <= NN;.PREDICT(Stest-X)

10: end for

1§ = o0 U > Mean predictions
12: 62« —= > (@ — 9)* > Epistemic variance
13: 67 07 46, > Total variance (Eq. 4.1
14: return §, 6.

Distinct from AE and RAFs, the proposed MAFs Ensemble meta-learns input-conditioned
mixtures of activation functions within anchored networks, boosting ensemble diversity
and calibration to deliver more reliable predictive uncertainty.

4.5 Experiments

In our experiments, the base learners of the MAF ensemble are multilayer perceptrons
(MLPs) with a single hidden layer comprising 100 neurons. The ensemble size, m, is
set to five, a consistent choice across all methods evaluated in this study. We employ
an ensemble of six non-saturating activation functions due to their faster convergence
during training with gradient descent [I06]. These functions include: (i) SELU (Scaled
Exponential Linear Unit) [107], (ii) Leaky ReLU (Leaky Rectified Linear Unit) [10§],
(iii) ReLU (Rectifier Activation Function) [109], (iv) ERF (Element-wise Gauss Error
Function) [I10], (v) SiLU (Sigmoid Linear Unit) [IT1], and (vi) GELU (Gaussian Error
Linear Unit) [112].

Following the methodology of Stoyanova et al. [27], we conduct experiments on both
synthetic and real-world datasets. For each dataset, a fixed random seed is used to ensure
reproducibility. We deliberately select a larger test set than the training set to densely
probe the predictive behavior (e.g., He/Forrester datasets: 20 training points versus 50
test points). To capture epistemic uncertainty, the training support is strictly narrower
than the test support. Specifically, for one-dimensional synthetic datasets (He and For-
rester), training inputs are sampled uniformly at random from two disjoint intervals,
leaving a central gap. In contrast, test inputs span a substantially larger domain. For
higher-dimensional datasets, training inputs are drawn from a bounded hyperrectangle,
which is then expanded for the test set.
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4.5.1 Baselines

We include four state-of-the-art methods as baselines for empirical comparison with
the MAFs Ensemble: (i) Anchored Ensemble (AE) [83], (ii) Random Activation Func-
tions (RAF) Ensemble [27], (iii) Evidential Regression Network (ERN) [84], and (iv)

Uncertainty-Regularized ERN (UR-ERN) [85]. All methods are evaluated on both syn-
thetic and real-world datasets spanning different input dimensionalities.

4.5.2 Synthetic and Real-world Datasets

To ensure a comprehensive evaluation, we evaluate the proposed method and the baseline
on a comprehensive collection of synthetic and real-world regression datasets. The syn-
thetic suite is designed to probe complementary aspects of predictive uncertainty under
controlled conditions, while the real datasets provide empirical validation in practical,
noisy environments.

Synthetic Data. We generate multiple synthetic datasets that span several cat-
egories: (i) benchmark optimization functions, (ii) physical and engineering models,
and (iii) high-dimensional nonlinear functions. Benchmark functions include Schaffer,
Griewank, Rastrigin, Styblinski-Tang, Roos—and Arnold, which are known for their high
nonlinearity, multimodality, and the presence of many local minima. These datasets are
characterized by a predominance of epistemic uncertainty, since small perturbations in
the input can lead to highly variable outputs.

The second category is formed by datasets generated from physics-inspired models
such as the double pendulum, planar arm torque, piston simulation, robot arm dynam-
ics, wing weight estimation, and environmental models. These tasks resemble real-world
engineering systems, where the model dynamics are complex and uncertainty is largely
epistemic due to the wide generalization regions.

Finally, nonlinear benchmark functions such as Ishigami, Forrester, He’s function,
Friedman, and Adapted Welch are used to evaluate robustness under strongly non-additive
effects and interaction terms. Across functions, we vary dimensionality from 1 to 10
inputs and construct training sets from restricted subdomains while sampling test sets
over broader ranges. This split intentionally creates out-of-distribution (OOD) evaluation
to stress epistemic calibration. Additive Gaussian noise is injected at generation time to
control the aleatoric component.

Real-world Data. In addition to synthetic datasets, we employ several real-world
regression tasks widely used in uncertainty quantification benchmarks. These include: (i)
Abalone [113] (age prediction of abalone shells), (ii) Naval propulsion plant [114] (pre-
dicting turbine degradation indicators), (iii) Parkinson’s disease dataset [115] (predicting
UPDRS scores from biomedical features).

Together, the synthetic and real-world datasets provide complementary testbeds: syn-
thetic datasets allow controlled exploration of uncertainty properties under known dy-
namics, while real-world data demonstrate the applicability and reliability of the proposed
method in practical predictive tasks.
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4.5.3 Evaluation Metrics

Our evaluation prioritizes the quality of uncertainty estimates, with predictive accuracy
serving as a complementary measure. Following established practice [116], 27, 83| [85], we
adopt the Negative Log-Likelihood (NLL) as our principal metric. NLL assesses how
well the entire predicted distribution aligns with the observed data, directly rewarding
models that produce accurate and well-calibrated uncertainty; lower values are better
[117]. To verify point-prediction performance, we also report the Symmetric Mean
Absolute Percentage Error (SMAPE). Together, these metrics provide a robust
framework that emphasizes the fidelity of uncertainty quantification without neglecting
predictive accuracy.

4.6 Results and Discussions

The performance of different baselines compared to our proposed method is illustrated
in Figures and using two one-dimensional benchmark datasets: the He function
y = x - sin(z) + € [118] and the Forrester function y = (62 — 2)? - sin(12z — 4) + € [119].

For the He dataset (Figure 4.1h), the red dashed line denotes the ground-truth func-
tion over the interval € [—6, 6], while the blue points indicate the sampled training data.
The function exhibits nonlinear oscillatory behavior, with training data covering only a
limited portion of the input domain. Figures and compare our method (MAF)
with ERN and UR-ERN, respectively. Both ERN and UR-ERN display overly narrow pre-
dictive uncertainty bands in regions without training coverage, suggesting overconfident
predictions in out-of-distribution (OOD) areas. This behavior is undesirable, especially in
safety-critical applications, where reliable uncertainty estimation requires high epistemic
uncertainty when extrapolating beyond observed data. By contrast, Figures and
compare our method with AE and RAF, both of which produce wider predictive intervals
in unobserved regions. These intervals more accurately capture epistemic uncertainty,
thereby improving robustness against OOD inputs. Notably, ensemble MAFs provide
predictive intervals that are on par with RAFs while being wider than AE, confirming
that MAF remains competitive in this setting.

For the Forrester dataset (Figure ), the red dashed curve represents the true
function over the interval x € [0, 1], while the blue points correspond to sparsely sam-
pled training observations. The training data are restricted to two subintervals, [0.2,0.4]
and [0.65,0.85], leaving significant regions of the input space unobserved. Figures
and compare MAF with ERN and UR-ERN, respectively. In the region [0,0.2], both
ERN and UR-ERN again produce narrow uncertainty bands, reflecting an overestimation
of confidence in OOD areas. Interestingly, in the region [0.85, 1], these methods exhibit
uncertainty levels comparable to MAF, correctly indicating epistemic uncertainty due
to lack of knowledge. Conversely, Figures and show that AE and RAF yield
narrower uncertainty intervals relative to MAF, underestimating epistemic uncertainty in
unseen regions. Importantly, while RAF remains competitive on the He dataset, it under-
performs here, whereas MAF maintains robust and well-calibrated uncertainty estimates
across both datasets.
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Figure 4.1: Results on the He dataset. (a) Ground-truth function (red dashed) and
training data (blue). (b—c) ERN and UR-ERN underestimate uncertainty in OOD regions.
(d-e) AE and RAF better capture epistemic uncertainty.

Quantitative results in Table [4.Tand Table [£.2] confirm these findings: ensemble MAFs
achieve the lowest NLL, demonstrating not only better-calibrated predictive uncertainty
and more accurate probabilistic predictions overall, but also stronger consistency across
different datasets compared to ERN, UR-ERN, AE, and RAF. This consistency across
heterogeneous datasets underscores the robustness of MAF as a general-purpose uncer-
tainty quantification method.

We evaluated the overall performance of all methods using NLL and SMAPE. Tables
and, Table present the comparative results of the Ensemble MAFs against four
benchmark methods across 16 synthetic and 3 real-world datasets. The proposed MAF
method consistently demonstrates competitive performance and, in many cases, outper-
forms the baselines, providing clear advantages in predictive accuracy and uncertainty
estimation.

The results in Table present NLL values with 95% confidence intervals. To ensure
fair comparison, the best outcomes are highlighted in bold whenever confidence intervals
overlap, indicating statistical equivalence. Accordingly, some datasets feature more than
one leading method.

On low-dimensional synthetic datasets, MAF clearly outperforms the baselines. For
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Figure 4.2: Results on the Forrester dataset. (a) Ground-truth function (red dashed) and
training data (blue) restricted to subintervals. (b—¢) ERN and UR-ERN are competitive,
capturing epistemic uncertainty in [0.85, 1] but underestimating it in [0,0.2]. (d-e) AE
and RAF underestimate uncertainty in unseen regions.

example, on He 1D, MAF (1.51 4+ 0.90) surpasses RAF (4.05 + 0.47) and the evidential
models (both above 90). Similarly, on Double Pendulum 2D, MAF (11.0940.05) provides
substantial improvements over AE (50.71 4+ 0.04) and UR-ERN (25.84 4 0.06).

For datasets with smoother predictive structures, MAF often ties with RAF. In For-
rester 1D, both RAF (1.01+£0.73) and MAF (2.12£1.90) are statistically indistinguishable,
because their 95% confidence intervals overlap [0.28,1.74] N [0.22,4.02] # (. As a result,
the difference between their means cannot be declared significant at the 95% confidence
level, while the remaining methods yield much higher NLL values. On Schaffer 2D, MAF
achieves the lowest NLL (—0.724+0.01), with RAF (—0.54£0.01) and AE (—0.53+0.01)
remaining competitive. These results confirm that MAF is robust even in scenarios where
other methods also perform well.

In medium and high-dimensional synthetic tasks, MAF again outperforms. On Fried-
man 5D, both MAF (1.634+0.40) and RAF (2.18+0.44) outperform ERN (9.46+0.47) and
AE (22.60 £0.30). On Planar Arm Torque 6D, MAF (1.194+0.15) and RAF (1.34+0.10)
deliver the best results. Conversely, datasets such as Rastrigin 3D and Styblinski-Tang
9D highlight scenarios where ERN and UR-ERN remain competitive.
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Table 4.1: Predictive performance of different methods using NLL and 95% confidence
intervals for 19 datasets. The best scores are highlighted in bold. Whenever confidence
intervals overlap, multiple methods are considered statistically indistinguishable and are

jointly bolded.

Dataset ERN UR-ERN AE RAF MAF

He 1D 96.71 £0.54 94.51+0.53 23.51+0.14 4.05+0.47 1.51 +0.90
Forrester 1D 4.114+0.58 4.50 +£0.62 5.85 +£0.58 1.01+0.73 2.124+1.90
Schaffer 2D —-0.14+0.01 —-0.10+0.01 —-0.53+0.01 —-0.54+0.01 -0.72+0.01
Double pendulum 2D 20.944+0.06 25.84+0.06 50.71+0.04 42.64+0.05 11.09+0.05
Rastrigin 3D 3.87+128 384+124 11.194+0.78 12.45 £1.07 59.68 + 1.32
Ishigami 3D 3.64 +0.08 4.55 + 0.08 0.81 +0.08 —0.20 +0.09 0.38+0.0
Environmental 4D 4.214+041 4.754+0.41 4.234+0.37 4.87+0.42 2.85 +0.40
Griewank 4D 6.13+084 6.33+069 97.67+0.64 3.30+3.04 6.28 + 3.58
Roos & Arnold 5D —-1.02+0.01 —-1.04+0.01 -1.85+0.01 —-1.78+0.01 —-1.85+0.01
Friedman 5D 9.46 £0.47 11.10£0.47  22.60+0.30 2.18+0.44 1.63+£0.40
Planar arm torque 6D  40.39 £0.10  18.83 £0.10 5.60 £ 0.05 1.34+£0.10 1.19+£0.15
Piston simulation 7D 9.69 4+ 0.04 23.77+0.06 —-0.69+0.02 —-0.04+0.04 —-0.67+0.03
Robot arm 8D 8.12+£0.04 12.89 £+ 0.04 1.14 +0.02 0.73 +0.05 2.74+0.01
Styblinski-Tang 9D 8.66+043 12.21+0.30 > 100+ 2.41 42.21+4.93 77.70 + 5.29
Adapted Welch 10D 14.524+0.49 18.96+0.48 > 100+0.36 16.29 £ 0.49 62.30 £ 0.59
Wing weight 10D 7.35+0.91 8.53 £ 0.86 > 100 £ 2.13 4.45 + 2.87 10.82 £2.99
Abalone 3.154+0.09 3.18+0.10 > 100 £ 0.10 69.50 £ 0.10 1.72+0.12
Naval propulsion —-092+0.00 —-1.23£0.00 —-2.294+0.00 —2264+0.00 —0.29+0.00
Parkinson 4.35+0.07 435+0.07 >100£0.11 >1004+0.12  45.134+0.07

On real-world datasets, MAF shows consistent reliability. It achieves the lowest NLL

on Abalone (1.72+0.12), while on Parkinson, ERN and UR-ERN perform best, but MAF
still improves over AE and RAF. In contrast, on Naval Propulsion, AE (—2.29 4+ 0.00)
and RAF (—2.26 +0.00) outperform MAF (—0.2940.00), suggesting that simpler models
suffice in low-uncertainty regimes.

Overall, MAF achieves the best performance on 11 of 19 datasets and frequently
ties with RAF or AE. These results establish MAF as a versatile and reliable method
for uncertainty estimation, while underscoring the complementary roles of ensemble and
evidential approaches across diverse predictive settings.

Following the same rationale used in the NLL evaluation, we report SMAPE values
with their corresponding 95% confidence intervals, as adopted in previous studies |27, 116,
83]. The results in Table provide a more balanced view compared to the NLL analysis.
Across the 19 datasets, MAF achieves the best or joint-best performance in 9 cases, with
AE attaining a similar number of wins. Notably, ties occur frequently due to overlapping
confidence intervals, underscoring that performance differences among methods are often
subtle rather than absolute.

On low-dimensional synthetic tasks, AE demonstrates strong performance. For in-
stance, in Forrester and Schaffer, AE achieves the lowest SMAPE (0.86 £+ 0.58 and
0.26+0.01, respectively), outperforming all other methods with non-overlapping intervals.
Similarly, AE shares the best performance in the Double Pendulum dataset together with
RAF and MAF, reflecting its competitiveness in capturing predictive accuracy in non-
linear dynamical systems. By contrast, MAF exhibits robust performance on Griewank
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Table 4.2: Predictive performance of different methods using SMAPE and 95% CI for 19
datasets. The best SMAPE values are highlighted in bold, allowing ties when confidence
intervals overlap.

Dataset ERN UR-ERN AE RAF MAF

He 1.18 £ 0.54 1.23 £ 0.53 1.23 £ 0.14 1.25 +£ 0.47 1.38 £ 0.90
Forrester 1.39 + 0.58 142 +£0.62 0.86 + 0.58 1.13 +0.73 1.33 £ 1.90
Schaffer 0.32 £ 0.01 032 £0.01 0.26 £0.01 0.31 £0.01 0.39 £ 0.01
Double pendulum 1.38 + 0.06 1.33 £ 0.06 1.29 +£ 0.04 1.29 £+ 0.05 1.29 + 0.05
Rastrigin 0.14 £ 1.28 0.14 + 1.24 0.28 £0.78 0.16 + 1.07 0.14 £ 1.32
Ishigami 0.12 £ 0.08 0.12 £ 0.08 0.11 £ 0.08 0.15 £ 0.09 0.22 £ 0.09
Environmental 0.25 £ 0.41 0.25 £0.41 0.19 £0.37 0.20 £ 0.42 0.30 + 0.40
Griewank 0.75 £ 0.84 0.79 £ 0.69 0.45 £+ 0.64 0.16 =+ 3.04 0.12 £+ 3.58
Roos & Arnold 2.00 £ 0.01 2.00 + 0.01 2.00 £ 0.01 2.00 £ 0.01 2.00 £+ 0.01
Friedman 0.22 + 0.47 0.25 + 0.47 0.28 £ 0.30 0.16 + 0.44 0.15 £+ 0.40
Planar arm torque 1.03 + 0.10 1.07 + 0.10 1.09 £+ 0.05 1.06 £+ 0.10 1.06 £ 0.15
Piston simulation 0.71 £+ 0.04 0.94 £+ 0.06 0.79 £+ 0.02 0.74 £ 0.04 0.67 + 0.03
Robot arm 0.77 £ 0.04 0.79 £0.04 0.72 £ 0.02 0.81 £ 0.05 0.87 £ 0.02
Styblinski-Tang 1.85 + 0.43 1.86 + 0.30 1.80 £ 2.41 144 £ 493 1.39 £ 5.29
Adapted Welch 1.04 £+ 0.49 1.04 £+ 0.48 1.17 £ 0.36 1.06 £ 049 0.98 + 0.59
Wing weight 0.75 £ 0.91 0.79 £+ 0.86 0.28 +2.13 0.22 + 2.87 0.27 £ 2.99
Abalone 0.14 £+ 0.09 0.14 £ 0.10 0.15 £ 0.10 0.15 £ 0.10 0.18 £ 0.12
Naval propulsion 0.01 + 0.00 0.01 + 0.00 0.01 + 0.00 0.01 £+ 0.00 0.12 4+ 0.00
Parkinson 0.37 £ 0.07 0.35 £0.07 0.33 £0.11 0.33 £ 0.12 0.33 £ 0.07

(0.12 £3.58), Friedman (0.15+0.40), and Piston simulation (0.67 £ 0.03), where it either
attains the best results outright or remains statistically indistinguishable from RAF.

At higher dimensions, the relative advantages shift among methods. MAF achieves the
lowest SMAPE on Styblinski-Tang and Adapted Welch, while RAF attains its strongest
results on Wing Weight (0.22 4 2.87). Interestingly, in Planar Arm Torque, ERN (1.03 £
0.10) delivers the best outcome, suggesting that simpler evidential methods may retain
competitive accuracy in moderately complex scenarios. Likewise, both ERN and UR-
ERN dominate the He dataset and tie on Abalone, highlighting that their regularization
strategy remains effective under certain conditions.

The real-world datasets further illustrate the diversity of strengths. On Abalone, both
ERN variants are statistically tied for the best performance, while in Naval Propulsion all
methods except MAF converge to nearly identical, minimal SMAPE values (0.01 4 0.00).
For Parkinson dataset, AE, RAF, and MAF yield indistinguishable results, each achiev-
ing 0.33 with overlapping confidence intervals. These findings suggest that, in practical
domains, performance differences among methods diminish, and several approaches can
be considered equally reliable within statistical margins of error.

Overall, the analysis shows that no single method dominates across all datasets. MAF
and AE stand out as the most competitive, each achieving the best performance in nearly
half of the datasets. RAF and ERN also demonstrate notable strengths in specific con-
texts, while UR-ERN, although effective, less frequently achieves the top rank. MAF’s
primary strength is its consistent performance among the top methods across diverse
scenarios, underscoring its robustness in predictive accuracy.

Taken together, the experimental evidence demonstrates that MAF consistently de-
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livers strong performance across both synthetic and real-world settings. By adaptively
tuning activation functions through a meta-learning mechanism, MAF ensembles achieve
an effective balance between predictive accuracy and reliable uncertainty estimation. In
contrast to ERN and UR-ERN, which tend to underestimate epistemic uncertainty in
out-of-distribution regions, and AE or RAF, which show dataset-dependent variability,
MAF remains robust across diverse tasks and dimensionalities. Its repeated ability to
match or surpass competing methods in both NLL and SMAPE evaluations highlights its
versatility.

Our approach, MAF introduces activation-level diversity as a new axis of variation
within ensemble members. The key idea is to enhance ensemble diversity by allowing
each neural network to dynamically modulate its activation functions through a convex
combination of multiple base activations, with mixture weights determined by the input.
This mechanism enables activation behavior to adapt continuously to the input context,
thereby improving both flexibility and representational capacity.

Overall, these findings establish MAF as a competitive, general-purpose framework
that advances ensemble methods by mitigating their typical limitations, particularly the
challenge of insufficient diversity. By embedding activation-level diversity at the core of
the ensemble design, MAF not only strengthens uncertainty estimation but also emerges
as the most reliable technique among the compared approaches.

4.7 Case Study: Application to a Geological Reservoir

Building on insights from experiments with both synthetic and real-world datasets, we
next evaluate the proposed methods in a realistic, high-dimensional application. Com-
parative analyses across these testbeds indicate that the MAF ensemble provides the
most reliable balance between predictive accuracy and well-calibrated uncertainty esti-
mates. Motivated by this evidence, we adopt the MAF ensemble as the primary ap-
proach for application to a real 3D geological reservoir. This case study not only validates
the method under practical subsurface conditions but also demonstrates its potential to
support decision-making in reservoir engineering, where predictive precision and robust
uncertainty quantification are both critical.

Regression techniques are crucial for capturing the relationship between the simulator’s
inputs and outputs. The proxy model is designed to replicate the simulator’s response for
each producing well across all objective functions. Building on the approach proposed by
Farfan et al. [2] and Maschio et al. [I], five representative moments are identified over a
2206-day production period: tg, t1, to, t3, and t4, corresponding to days 506, 1014, 1360,
1775, and 2156, respectively (Figure . These moments are strategically selected to
capture key stages in the production process, representing both the early and later phases
of the well’s production.

This procedure is applied systematically to the 200 simulation models, ensuring that
the entire production period is considered for each well. For each well, the analysis is
conducted using four cumulative production objective functions: oil, water, gas, and
pressure, providing a comprehensive assessment of well performance.
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Figure a) illustrates the cumulative oil production for well P10, shown across the
entire 2206-day production period. Each curve represents the total cumulative production
over time. Figure [£.3}b) shows the selection of five points (¢, t1, t2, t3, and ¢4) for each
of the 200 simulation models for well P10. These points, marked with red circles, are
chosen to highlight significant milestones in the production process, reflecting the well’s
performance at these specific times.

Figure ¢) displays the production profiles of seven producing wells (P10, P2, P3, P5,
P6, P8, and P9). The x-axis represents the production times at 505 and to156, while the y-
axis shows the cumulative production at these times. The production curves for each well
are separated by spaces to emphasize their individual trajectories, clearly distinguishing
the performance of each well.

In this work, we modify the end-to-end proxy originally proposed by Farfan et al. [2].
Specifically, the activation function is altered to incorporate a meta-network architecture,
as described in Section [£.4] As shown in Figure [.4] the module dedicated to dimension-
ality reduction takes as input a 3D geological uncertainty with dimensions of 72 x 48
x 24. This dimensionality reduction module is applied in parallel to the four geological
uncertainties. In Figure a), an overview of the different hierarchical levels is presented,
which specifically includes 3D block encoders, 3D max pooling, and a 3D residual block.

Regarding the encoder block, Figure b) shows that this module consists of a series
of convolutional layers, batch normalization, and additional operations. Notably, the
ReLU activation function originally proposed by Farfan et al. [2] is replaced with a meta-
network. The primary purpose of this sequence is to extract and learn rich representations
and features from the input data.

In Figure c), the residual block preserves information from previous layers and
introduces shortcut connections to facilitate efficient gradient flow. This block includes
convolutional layers and batch normalization, and the activation functions are similarly
replaced with a meta-network to enhance adaptability.

Figure d) also provides a detailed breakdown of the neural meta-network that in-
tegrates DenseNet and Attention mechanisms. The architecture begins with a dense layer
of 512 neurons applied to the input. Each block starts with Batch Normalization to stan-
dardize the inputs and stabilize learning, followed by Dropout to regularize the network
and prevent overfitting through random deactivation of neurons. The outputs of these
operations are concatenated with the original 512-neuron input layer and passed through
a dense layer of 256 neurons, ensuring the propagation of feature-rich representations
throughout the network.

Subsequently, Batch Normalization and Dropout are applied again. The resulting
output is concatenated with the original input and all previous outputs. A dense layer
of 128 neurons is then applied, followed by another Batch Normalization and Dropout.
Finally, the outputs of these operations are concatenated with the original 512-neuron
input, the 512-neuron output, and the 256-neuron output, maintaining a rich flow of
information across the network.

Following the DenseNet block, an Attention mechanism is applied to further enhance
feature representation. The Attention Layer implements scaled dot-product attention,
where the input is projected into query (Q), key (K), and value (V) vectors through
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c)Production trends for each of the producing wells (P10, P2, P3, P5, P6, P8, P9) are depicted from left to
right, with spaces between each well to distinguish their individual production curves. The x-axis represents
the time frame of the production period, marked by time steps (t506 and t2156), while the y-axis illustrates
the production levels at each corresponding time step

Figure 4.3: Overview of cumulative production profiles for seven producing wells across a
2,206-day period. (a) Cumulative oil production for well P10, with each curve representing
a different simulation model, showing the variation in production over time. (b) Selection
of five key time instances (to, t1, to, t3, t4) for well P10, representing critical production
milestones across the simulation models. (c¢) Production trends for each of the seven
producing wells (P10, P2, P3, P5, P6, P8, P9), with well production data separated by
spaces to distinguish each well’s trajectory.

learned dense layers. Attention weights are computed as the softmax of the scaled dot
product of Q and K, capturing dependencies across all input features. These weights are
then used to combine the value vectors, producing a context-aware representation that
emphasizes the most informative features and relationships. In this model, the attention
mechanism receives the output of the DenseNet block as query, key, and value, enabling
the network to learn which features are most relevant for generating the final predictions.

Finally, the output of the attention mechanism is passed through a dense layer with
six neurons and a softmax activation to produce the final predictions. These predictions
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Figure 4.4: Overview of the modified end-to-end proxy architecture for geological un-
certainty. a) The dimensionality reduction module processes 3D geological data using
3D block encoders, max pooling, and residual blocks. b) The encoder block, replacing
ReLU with a meta-network, extracts rich feature representations. c¢) The residual block
enhances gradient flow through shortcut connections and meta-network activations. d)
The neural meta-network integrates DenseNet and Attention mechanisms, utilizing dense
layers, Batch Normalization, and Dropout, with the Attention mechanism refining feature
representation before the final softmax-based prediction layer.

correspond to relevance scores or probabilities, depending on the application, and can
guide downstream tasks such as adaptive activation function selection or other meta-
network objectives.
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4.7.1 End-to-End Proxy: Uncertainty Quantification

In this part, we evaluate the performance of our proposed model against the state-of-the-
art approach proposed by Farfan et al. [2]. Specifically, we focus on the prediction of oil,
water, gas, and bottom-hole pressure (BHP) within the context of reservoir simulation.
The model’s predictive capability is assessed in terms of its ability to reproduce the
simulator responses. To ensure consistency, we employ the same evaluation metrics used
in [2], namely the Correlation Coefficient (R), the Coefficient of Determination (R?), and
the Symmetric Mean Absolute Percentage Error (SMAPE). Finally, after establishing
the robustness of our method, we evaluate its uncertainty reliability using the Negative
Log-Likelihood (NLL) and through the visualization of its uncertainty bands.

According to the Table our method demonstrates competitive performance in
predicting oil production, achieving an SMAPE of 3.119, a R of 0.975, and an R? value of
0.951. These results indicate a strong linear relationship between the predicted and actual
values, with the model able to capture the characteristic dynamics of oil production. In
comparison, the state-of-the-art 3D CNN model achieved an SMAPE of 3.413, an R of
0.970, and an R? of 0.939. Our method slightly outperforms this CNN model in terms
of accuracy, suggesting that our model provides more precise oil production predictions
with lower error.

Table 4.3: Comparative evaluation of our approach with state-of-the-art method focusing
on oil and water-related objective functions.

Oil Water
Work SMAPE R R? SMAPE R R?

Our approach 3.119 0.975 0.951 18.326 0.965 0.930
Farfan et al. [2] 3.413  0.970 0.939 19.437 0.954 0.907

Similarly, in the Table [£.3] for water production, our model yields an SMAPE of
18.326, an R of 0.965, and an R? of 0.930, which indicates a higher error than the oil
predictions, yet still offers a strong correlation. In contrast, the state-of-the-art method
reports an SMAPE of 19.437, an R of 0.954, and an R? of 0.907. Although our model
shows a lower SMAPE, it performs better in capturing water production trends compared
to the leading approach.

For gas production in Table [.4] our model achieves an SMAPE of 3.163, an R of
0.976 and an R? of 0.951, which is comparable to the state-of-the-art model that achieved
an SMAPE of 3.461, an R of 0.969, and an R? of 0.939. Both models demonstrate high
correlation values and R2, reflecting robust predictive performance. The slight differences
in SMAPE and R? suggest that both approaches perform similarly, though our model
offers marginally better predictions.

In terms of BHP predictions in the Table[d.4] our model reports an SMAPE of 0.99, an
R of 0.891, and an R? of 0.792. This indicates a strong correlation but less precise fitting
compared to the other objective functions. While predicting BHP remains a challenge
for both models, our approach still performs favorably compared to the state-of-the-art
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Table 4.4: Comparative evaluation of our approach with state-of-the-art method focusing
on gas and pressure-related objective functions.

Gas Pressure
Work SMAPE R R? SMAPE R R?

Our approach 3.163 0.976 0.951 0.99 0.891 0.792
Farfan et al. [2]  3.461 0.969  0.939 1.055 0.880  0.765

method. This suggests that while the model effectively captures the overall trends in BHP
production, further refinement is necessary to improve prediction accuracy.

The UQ of the proxy model predictions are illustrated in Figure[d.5 Figure[d.6] Figure
and Figure where the mean of the proxy prediction ensembles (green) is compared
with the simulator outputs (gray) for the seven producing wells: P10, P2, P3, P5, P6,
P8, and P9. The blue regions represent the uncertainty bands generated by the ensemble
using the MAF method, which capture the variability of the model predictions over time.

In Figure 1.5 the proxy model accurately reproduces cumulative oil production across
all wells, demonstrating strong agreement with the simulator. The uncertainty bands
are generally narrow and stable, indicating high confidence in the proxy’s predictions.
However, wells P10, P3, P5, and P8 exhibit slightly wider bands during specific production
phases, suggesting increased uncertainty under dynamic flow conditions. In contrast, wells
P2, P6, and P9 display more compact uncertainty intervals that remain well-aligned with
the simulated curves, reflecting more predictable production behaviors.
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Figure 4.5: Oil production uncertainty quantification for the seven producing wells (P10,
P2, P3, P5, P6, P8, and P9)

In Figure the water production profiles show greater variability, particularly for
wells P10, P3, P5, and P8, where the uncertainty bands are noticeably wider. This
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pattern is consistent with reservoir heterogeneity, which introduces stronger nonlinearities.
Nevertheless, the proxy effectively captures the overall production trends, maintaining
reliable estimates despite the larger uncertainty ranges.
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Figure 4.6: Water production uncertainty quantification for the seven producing wells
(P10, P2, P3, P5, P6, P8, and P9)

The gas production results (Figure also show a close match between the proxy
and simulator across all wells. Slightly wider uncertainty bands are observed in wells P10,
P3, P5, and P8, indicating sensitivity to gas expansion and compressibility effects. Even
so, the proxy maintains strong predictive capability and captures global gas production
trends with robustness.

In Figure [4.8] the BHP curves exhibit more pronounced variability and local fluctua-
tions compared to the production variables. Wells P5, P6, and P9 present wider uncer-
tainty bands, reflecting the proxy’s higher uncertainty in modeling transient pressure re-
sponses under complex reservoir conditions. Despite this, the proxy ensemble successfully
reproduces the overall BHP dynamics, validating its capacity to quantify pressure-related
uncertainty.

Across the oil, water, and gas production objective functions, wells P10, P3, P5, and P8
consistently show higher uncertainty, which can be attributed to their higher production
rates and more dynamic reservoir interactions. Conversely, wells P2, P6, and P9 display
narrower uncertainty intervals, indicating more stable and predictable behaviors. For
BHP, the highest uncertainty is observed in wells P5, P6, and P9 due to transient effects,
while wells P10, P3, P5, and P8 exhibit smoother uncertainty bands, suggesting steadier
pressure responses.

The predictive performance of the UQ), assessed using the NLL and its 95% confidence
intervals, is summarized in Table . The absolute magnitude of the NLL values (ranging
from 38.03 to 119.42) is significantly higher than the low single-digit scores typically
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Figure 4.7: Gas production uncertainty quantification for the seven producing wells (P10,
P2, P3, P5, P6, P8, and P9)
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Figure 4.8: Pressure production uncertainty quantification for the seven producing wells
(P10, P2, P3, P5, P6, P8, and P9)

reported for the synthetic datasets explored, as shown in Table 4.1l This increase is
directly attributable to the calculations performed on the raw, unscaled production period.
As evidenced by the production scale on the y-axis of Figure (reaching values up to
1.5 x 10%), the absolute variance (0?) of the production period is substantial. A high
value of o2 results in a large positive term for log(¢?) in the NLL formulation, which
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mathematically raises the overall metric well above the normalized reference value seen
in the synthetic datasets.

Table 4.5: Predictive performance of different objective functions using NLL and 95%
confidence intervals.

0il Water Gas BHP
119.42 +£ 0.10 99.19 £+ 0.03 53.93 £ 1.02 38.03 £ 0.08

In summary, the baseline end-to-end proxy model proposed by Farfan et al. [2] was
enhanced by introducing an ensemble-based MAF approach. This improvement allowed
for more accurate replication of the simulator response, as evidenced by superior perfor-
mance in terms of SMAPE, R, and R%. Furthermore, the reliability of the results was
assessed by estimating the uncertainty of the MAF-based end-to-end proxy using the NLL
and visualizing the uncertainty bands for the oil, water, gas, and BHP objective functions
across the wells P10, P2, P3, P5, P6, P8, and P9. These results demonstrate the model’s
capacity to handle the complexity of the reservoir system while effectively capturing both
the mean responses and the inherent variability of the data.

4.8 Final Remarks

We introduced MAF Ensemble, a novel approach to model uncertainty estimation for
neural networks. By enhancing the diversity within the ensemble, each neural network is
allowed to adapt through a convex combination of multiple activation functions dynam-
ically, weighted according to their relevance to the input. This adaptation mechanism is
firmly grounded in meta-learning principles and is successfully implemented through the
integration of a meticulously designed meta-network.

Our extensive empirical study demonstrates that the proposed method outperforms
four state-of-the-art uncertainty quantification methods on a range of regression tasks,
utilizing 19 datasets (16 synthetic and 3 real-world). Furthermore, we tested the robust-
ness of our approach in the context of a Brazilian offshore field, specifically by modifying
the end-to-end proxy model proposed by Farfan et al. [2] to incorporate the meta-network
in place of the ReLU activation function. The results show that our approach not only
maintains high predictive accuracy but also introduces a reliable estimation of uncertainty,
marking a significant advancement in the proxy models used for reservoir management.

In comparison to the original Farfan et al. [2] method, our approach achieves improved
performance in terms of SMAPE, R, and R? metrics. More importantly, it provides a
detailed uncertainty quantification, which is crucial for the practical application of proxies
in reservoir management, thus contributing a novel layer of reliability to the existing
literature on proxy-based models.
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Chapter 5

Conclusions and Future Work

Simulation models play a crucial role in understanding and managing oilfields. Their
importance lies in their ability to simulate reservoir behavior over time. These models
are typically high-dimensional, heterogeneous, and characterized by strong nonlinearities.
Despite significant advances in numerical simulation technologies, simulation models re-
main computationally intensive, often requiring days or even weeks to generate a single
reservoir simulation. Consequently, only a limited number of simulation models are avail-
able in practical reservoir studies. One approach to address this challenge is the use of
proxy models that replace the numerical simulator in time-consuming steps.

In this thesis, we presented our proxy-based research, focusing on various phases within
the reservoir management process that can be optimized, including replicating the simu-
lator’s response. We began by reducing the dimensionality of 3D geological uncertainties
and replicating the complex, nonlinear behavior observed in various cumulative produc-
tion curves across different producing wells. We also explored methods for reconstructing
the data back to the original 3D geological uncertainty space, ensuring analytical con-
sistency and compatibility with simulator input requirements. Finally, we addressed an
often overlooked aspect of proxy model development: the quantification of prediction
uncertainty. By dividing our work into these three studies, we gained a comprehensive
understanding of proxy models and their application in reservoir management. Moreover,
our results advance the state of the art on several fronts.

In our first approach, we introduced an end-to-end deep neural network that can
handle 3D geological uncertainties and replicate the simulator response for various cumu-
lative production curves. This approach leveraged 3D convolutions to process spatial and
depth dimensions in heterogeneous reservoirs, incorporating various geostatistical realiza-
tions. The comprehensive solution was successfully implemented, accurately replicating
the simulator’s behavior and outperforming state-of-the-art methods. Our results showed
correlations greater than 0.95 between the proxy response and the numerical simulator.
Furthermore, our approach demonstrated robustness even when trained with a limited
number of simulation models, significantly reducing computational costs. These findings
highlighted our approach’s ability to integrate dimensionality reduction and regression
analysis into a unified framework, effectively predicting different fluid behaviors in the
reservoir while remaining robust to high-dimensional and sparse data.

In our second approach, we presented a proxy reconstruction method for complex
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geological uncertainties used a three-dimensional Deep Residual Variational Autoencoder
(DRVAE). This technique uses multimodal properties and a multitasking approach to
integrate 3D rock properties (such as porosity and permeability) and fluid properties into
a single architecture. Experimental results demonstrated the method’s high accuracy
in reconstructing geological uncertainties with robust geological consistency. Evaluation
metrics, including SSIM greater than 0.95, FID of 0.587, and PSNR of 16.980, confirmed
the high quality of the reconstruction.

In our third approach, we introduced a method for uncertainty quantification (UQ)
based on ensembles and meta-learning, called Meta Activation Functions (MAF) Ensem-
ble. The key idea was to enhance ensemble diversity by enabling each neural network
to adapt dynamically through a convex combination of multiple activation functions,
weighted by their relevance to the input. This design allowed every neuron in the ensem-
ble to adjust its nonlinearity contextually, improving robustness in predictive uncertainty.
In an extensive empirical study, MAF achieved lower negative log-likelihood (NLL) than
state-of-the-art UQ methods on both synthetic and real-world regression tasks.

Through the experiments presented in this thesis, we can answer the research questions
introduced in Chapter

5.1 Revisiting the Research Questions

This thesis focused on two primary objectives, as outlined in the research questions pre-
sented in Chapter [} Section [I.4] In light of the challenges, proposed solutions, results,
and findings, we now revisit each question to illustrate how they have been addressed.

RQ1: Given a set of 3D geological models, how can dimensionality reduction
be effectively applied and integrated into an end-to-end proxy model?

To address this research question, we introduced an integrated end-to-end proxy model in
Chapter [2| that leverages a 3D convolutional neural network (CNN) to handle the dimen-
sionality reduction of complex geological data. Our approach not only efficiently reduced
dimensionality but also preserved critical spatial information, ensuring that the model
could directly process and output the reduced data in a seamless end-to-end workflow.
This integration helps overcome the high-dimensional challenges inherent in geological
models while maintaining the integrity of the data.

RQ2: Given a set of dimensionally-reduced geological models and various
production rates, how can the proxy replicate the simulator’s response across
these rates as part of an end-to-end solution?

In Chapter 2| we demonstrated how our end-to-end proxy effectively replicated the re-
sponses of traditional simulators across multiple production rates (oil, water, gas, and
pressure) using a single Neural Network (NN). By adopting an integrated framework, this
end-to-end model captured the complex interdependencies between these fluids, ensuring
that the predictions were consistent with the actual reservoir behavior. This unified ap-
proach not only streamlined the modeling process but also ensured that the proxy could
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seamlessly integrate dimensionality reduction and simulation response replication into a
cohesive and efficient system.

RQ3: Given a set of dimensionally-reduced geological models, how can the
reconstruction of the original 3D reservoir model be performed in a way that
preserves the maximum amount of the reservoir’s spatial information, enabling
its incorporation into an end-to-end proxy?

To address this research question, we developed a reconstruction module in Chapter [3|that
projects the reduced-dimensional data back into the original 3D geological space. This
process preserved the spatial relationships between critical geological properties, ensuring
that the reconstructed model remained as accurate as possible for real-world applications.
By integrating this reconstruction step into our end-to-end proxy, we ensured that the
entire workflow—from dimensionality reduction to model reconstruction—was seamlessly
connected, enabling efficient processing and maintaining the integrity of the geological
data throughout the pipeline.

RQ4: Given an end-to-end proxy, how can we ensure the reliability and robust-
ness of their predictions to build trust among petroleum engineering experts?

In Chapter [4, we presented an innovative uncertainty quantification methodology using
Meta Activation Functions (MAF) Ensemble to assess the confidence in our end-to-end
proxy model predictions. By quantifying uncertainty, we ensured that the proxy model’s
outputs could be trusted and effectively used for decision-making in reservoir management.

5.2 Future Works

Several directions can be pursued to extend and strengthen the contributions of this
thesis. First, future studies may explore alternative evaluation metrics to address known
limitations of SMAPE, particularly its sensitivity to low-magnitude values and asymmetric
error penalization. Incorporating complementary metrics could provide a more robust and
nuanced assessment of reconstruction performance.

Second, the reconstruction task can be further investigated by evaluating other deep
neural network architectures beyond those considered in this work. In particular, archi-
tectures with different inductive biases—such as attention-based models, hybrid convolu-
tional-recurrent networks, or diffusion-inspired approaches—may offer improvements in
accuracy, robustness, or uncertainty representation.

Another important direction is the validation of the proposed methodology within
a data assimilation framework. Integrating the reconstructed data into sequential or
variational data assimilation schemes would allow a more comprehensive assessment of
its impact on state estimation, uncertainty reduction, and decision-making in reservoir
management.

Finally, the MAF ensemble approach can be extended beyond reconstruction to ad-
dress classification and forecasting problems in oil reservoirs. Potential applications in-
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clude regime classification, anomaly detection, and production forecasting under uncer-
tainty, enabling a broader evaluation of the methodology in operationally relevant scenar-
ios.
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Appendix A Brazilian Offshore Field
Dataset

The main objective of this appendix is to introduce the fundamental elements used in the
reservoir simulation process for real fields, with a focus on the S-Field reservoir [13].

A.1 S-Field: Inputs and Outputs

Although synthetic reservoirs have been explored in previous studies [120} 121], the com-
plexity and dynamic nature of real oil reservoirs present greater challenges. Oil reservoirs
are inherently heterogeneous [23], exhibiting varying spatial and depth properties. For this
study, we utilize a real oil reservoir, the S-Field [13], an offshore turbidite reservoir located
in the Campos Basin, Brazil, with a production period spanning 2,206 days. The field
is produced through 7 production wells and 4 water injection wells, which predominantly
follow long horizontal trajectories.

The S-Field reservoir consists of 200 simulation models, each incorporating two types
of input data: 3D and scalar properties. The 3D properties are focused on four reservoir
attributes: porosity, permeability, net-to-gross ratio, and rock type. These attributes
each exhibit inherent uncertainties, collectively referred to as 3D geological uncertainties.
The values for these 3D properties are derived from nodal analysis results provided by
the operating company, with a +30% uncertainty range applied to the base values. This
uncertainty range reflects the natural variability in the reservoir, which is a crucial as-
pect of understanding its heterogeneity. Alongside the 3D properties, there are 70 scalar
properties, some of which are detailed in Table [A. T} The table emphasizes the variability
of these scalar properties, further highlighting the intrinsic heterogeneity of the reservoir.

The 3D properties, referred to as 3D geological uncertainties or 3D georealizations,
are divided into several interconnected gridblocks (referred to as grid cells or nodes) with
geometric dimensions x, y and z in a classic Cartesian coordinate system. As indicated by
Ponting [122], the most common coordinate system for more complex structural reservoir
simulation models is the corner-point geometry. Specifically, the S-Field reservoir has
dimensions of 73 x 38 x 24. Figure shows the 3D porosity distribution, along with
the locations of all wells over the historical period.

Once the inputs for the numerical simulator are understood,each simulation model
has multiple outputs, which form a complex multiphase flow system. Specifically, each
simulation model is designed to estimate several objective functions that represent the
dynamics of fluid production within the reservoir. These objective functions include the
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Scalar Properties

Uncertain Attribute Minimum Maximum
Pore Compressibility 3x 107" psitt 3 x107° psit
Depth of Water-Oil Contact 9,609.25 ft 9,642.06 ft
Aquifer Productivity Index 4,000 ft3/d/psi 60,000 ft3/d/psi
Initial Aquifer Volume of Water 1 x 109 ft3 1 x 1013 ft3
Well Productivity Index (Injectivity) -30% +30%

Table A.1: Input data: Scalar properties of the S-Field reservoir. Scalar attributes are
modeled using a uniform prior distribution.
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=027

[ ]0.22

—10.18

Figure A.1: 3D porosity distribution in the S-field reservoir, highlighting the locations of
production and injection wells, as generated by Maschio et al. [I].

cumulative production of oil (Np), water (Wp), and gas (Gp), as well as the evolution
of the reservoir pressure (P) over time. The cumulative production curves are computed
at each time step of the simulation, which represents the duration of each step. These
cumulative production curves, or objective functions, are derived from the production
well outputs (P10, P2, P3, P5, P6, P8, P9). Each well has been operating for a historical
period of 2,206 days, and their production behavior is tracked through these objective
functions. Figure[A.2provides a visual representation of some of these objective functions,
illustrating the temporal evolution of fluid production across the wells and their associated
pressures.

In this work, the S-Field reservoir simulation incorporates multiple inputs and outputs.
The inputs consist of 3D properties, including porosity, permeability, net-to-gross ratio,
and rock type, all of which come with inherent uncertainties. Additionally, there are 70
scalar properties, such as pore compressibility and aquifer productivity, which are modeled



104

ba se.irf

1.20e+7
) ; s s
R e 7 aiaae RS
Q 5 E i
D 8.00@+B---------rr=rrmrerrmdrmrrmmmene e Feseseeesesesrsseeaan,
O s : :
=
. 6.00e+6
(]
>
E 4.00e+6
=
£ 2.00e+6
&)

i ] i
0.00e+00 2,000 4,000 6,000 8,0(
Time (day)
Cumulative Oil SC
Cumulative Water SC

Figure A.2: The continuous green line represents the cumulative oil production (Np),
while the blue line represents the cumulative water production (Wp) over time, based on
the simulation model outputs, as generated by Maschio et al. [1].

using uniform prior distributions. On the output side, the simulation provides cumulative
production data for oil, water, and gas, along with reservoir pressure, all calculated over
time from seven production wells.
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Appendix B Our Contribution to the
Literature

For an overview of the work, we present two figures; Figure[B.1]and Figure[B.2] Figure[B.1
involves a modern uncertainty reduction pipeline proposed by Maschio et al. [I], which
illustrates a modern proxy designed to reduce uncertainties across four distinct steps.
In Step 1, geological attributes characterize each reservoir model, denoted as X, which
exhibit uncertainties (e.g., porosity or permeability) and serve multiple objective functions
(e.g., oil and gas production), referred to as Y. Complex fluid behavior affects each of
these objective functions. Data dimensionality reduction is performed for each uncertainty
to obtain a vector, denoted as X(/). In Step 2, the objective of the proxy approach is to
establish a mathematical relationship between the reduced geological uncertainty (X(l)) and
the objective functions (Y). Regression techniques typically represent this relationship
in an attempt to mimic the simulator’s response. Subsequently, the proxy estimates
against the numerical simulator are compared. Then, if the current iteration (it) does
not equal the last iteration (it max), a DA is performed. This process continues until
a predefined number of iterations, denoted as it max, is reached, where the values of
geological uncertainty (X,) are updated (X;), where i = 1,...,it max. Concurrently,
in Step 3, a geological reconstruction is conducted in parallel to ensure the preservation
of geological information. Finally, in Step 4, when the current iteration reaches the last
iteration, a comparison is made between the reduced uncertainty generated by the proxy
and the simulator concerning the observed data. Steps 3 and 4 fall outside the scope of
this study and we will prioritize them in future research.

Figure illustrates our methodology, which incorporates specific modifications to a
modern uncertainty reduction pipeline proposed by Maschio et al. [1]. In particular, we
introduced an end-to-end deep learning framework designed to function as a proxy. This
framework effectively addresses the challenge of high dimensionality, replicates the com-
plex responses of the simulator in the realistic context of an oil reservoir, and streamlines
the process by combining vector generation, proxy steps, 3D reconstruction, and a new
approach to uncertainty quantification, as shown in Figure [B.1]

Rather than using separate steps, we input the original geological uncertainty X di-
rectly into our end-to-end proxy. The proxy seamlessly integrates with the uncertainty
reduction workflow, enabling cohesive collaboration across the entire pipeline. This inte-
gration simplifies the process, ensuring that all components within the end-to-end frame-
work interact directly and efficiently with the system.

Including uncertainty quantification in this framework offers several key advantages.
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Figure B.1: Here, we showcase an automated uncertainty reduction pipeline proposed
in the work of Maschio et al. [I]. The process involves the initial analysis of geologi-
cal attributes (referred to as ’prior’) and their associated multiple objective functions.
Subsequently, a mathematical relationship between geological uncertainties and objective
functions is established using regression techniques, with the specific implementation of
a proxy. An analysis entails the evaluation of proxy estimations against a numerical sim-
ulator. If the current iteration (it) does not match the final iteration (it max), DA is
performed iteratively until it max is reached. This iterative process updates each value of
geological uncertainty. In parallel, a geological reconstruction is conducted concurrently
to preserve geological information. Lastly, in the final iteration (it max), a comparison
is made between the uncertainty reduction achieved by the proxy and that generated by
the simulator.

It allows for a more reliable and transparent estimation of the confidence in the proxy’s
predictions, which is crucial for decision-making in reservoir management. Additionally,
it enables better risk management by providing insights into the variability of predictions,
helping experts make more informed choices. Uncertainty quantification also facilitates
model validation by comparing predicted uncertainty with actual outcomes, ensuring the
robustness and reliability of the proxy model.
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Figure B.2: Here, we present our approach, which is a modification of the contemporary
uncertainty reduction pipeline proposed by Maschio et al. [I]. Our innovation introduces
an end-to-end deep learning framework based on proxies.
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