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Abstract

Robots are physical systems that perceive, plan, and act in the real world. As a consequence,
their mistakes can not only cause failures in the robots' mission, but they can even endanger
human lives, in the case of a robotic surgeon or a self-driving car, for example. This
motivates probabilistic robotics i.e., a paradigm of robotics with a set of methods that
enable the robots to assess thancertainty in their sensory data, used algorithms, learned
predictors, etc., such that the robots can plan safe actions. One of the challenges herein is
uncertainty quanti cation in the systems that rely on neural networks. For this, Bayesian
statistics provide theoretical foundations. However, bringing Bayesian statistics to neural
networks referred to as Bayesian Deep Learning involves the problem of (a) the choice of
well-speci ed priors, (b) the inference of the posteriors, and (c) the uncertainty estimation
through marginalization, which are active areas of research in machine learning and beyond.

For all these sub-problems of Bayesian Deep Learning, this work provides novel method-
ologies that are well-suited for their applications to robotics. Concretely, we advance
the generalization of learning algorithms through priors, the scalability of the inference
algorithms to obtain complex posteriors, and the run-time e ciency of marginalization
for predictions. We achieve this while improving the quality of uncertainty estimates
when compared to existing methods. Inspirations have been drawn from the theories
of generalization, information, as well as the universal approximation theorem of neural
networks. Theoretical foundations are further provided for all the devised methodologies.
With these results, we nally develop probabilistic robotic systems that can improve the
performance of deep learning in real-world applications. Starting from (a) a humanoid robot
recognizing deformable objects, (b) in-ight aerodynamic analysis of stratospheric and
manned helicopter ights, (c) semi-autonomous aerial manipulation at night, to (d) shared
autonomy with haptic and extended reality, we provide several system-level contributions.

As a result, the contribution of this thesis stands on two pillars of probabilistic robotics
one on methodological advances to quantify uncertainty, and another on systems contribu-
tions that show possibilities for new applications. Through this lens of probabilistic robotics,
we provide a new perspective on the general problem of uncertainty in deep learning.

Keywords: Uncertainty, Probabilistic robotics, Aerial manipulation, Field robotics,
Robot perception, Active learning, Shared autonomy, Aerodynamics, Humanoids.
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Prologue

Uncertainty is the necessary companion of all explorers  Marilyn Ferguson.






cHAPTER]L

Introduction

Let's try to teach a child to recognize di erent animals, like a cat or a dog. At rst, the
child may struggle to tell the di erence. But over time, we show them more pictures of cats
and dogs. Then the child starts to notice patterns, like cats often have pointy ears, and
dogs usually vary in size and may have oppy ears. Cats have retractable claws that they
use for climbing and hunting, while most dogs have non-retractable claws. After seeing
enough pictures, the child gets really good at telling the di erence. Roughly speaking, deep
learning is similar, but instead of a child, it is a computer with arti cial intelligence (Al).
We feed it lots of pictures, information, or examples (just like the pictures of animals), and
the computer learns to spot patterns and make predictions. Deep learning is a method that
relies on large amounts of data to help a computer recognize patterns, make predictions
and decisions, or even understand things like pictures and speech. It's like teaching the
computer to think and recognize things by looking at lots of examples, just like we often do.

As of 2025, deep learning is becoming more and more the de-facto standard for Al
research and industrial practices. Ample evidence of its preponderance and popularity
exists. For example, NVIDIA is a company that builds computer chips called graphical
processing units (GPUSs), which serve as computing infrastructure for deep learning. In 2024,
NVIDIA's valuation in terms of market capitalization reached 3.566 trillion USD. This was
roughly ten times more than all car manufacturers in Germany combined, namely BMW,
Volkswagen, and Mercedes Benz. The Nobel Prize for Physics went to Geo rey Hinton
and John J. Hop eld for their contributions to arti cial neural networks a computational
model used in deep learning (Hop eld, 1982; Rumelhart et al., 1986; LeCun et al., 2015).
In the same year, the Nobel Prize for Chemistry was awarded to the team that developed a
deep learning model called AlphaFold (Jumper et al., 2021). AlphaFold predicts protein
structures and has the potential to accelerate drug development, speeding up research
on cures for cancer. Natural language processing (Vaswani et al., 2017), computer vision
(Krizhevsky et al., 2012), medicine (Ardila et al., 2019), natural sciences (Wang et al.,
2023a), mathematics (Trinh et al., 2024), and sustainability (Kurth et al., 2023) are other
exemplary areas where deep learning is leading an exciting surge of progress.

Despite the encouraging progress, however, deep learning still has several critical short-
comings. One of the shortcomings is its general inability to provide uncertainty estimates
(Gawlikowski et al., 2023), thereby leading to a lack of interpretability and trustworthiness.
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Figure 1.1.: An example conversation with the OpenAl's chatGPT. The correct answer to the
posed question should be 2859611986. However, chatGPT answers wrongly with high con dence.
This conversation provides an example that standard deep learning may not be aware of its own
uncertainty. Such shortcoming and its black-box nature may lead to mistrust in such models and
impede its practicality in safety critical applications. A screenshot taken on the 9th July 2024.

To illustrate the problem, in gure 1.1, we provide an example from a conversation with

a large language model called chatGPT, which is a well-known chat-bot based on deep
learning. Here, what do we mean by the uncertainty estimates? For us, it's about the idea
of using probability distributions to represent information instead of relying on one single
deterministic, most likely outcome ( point estimates ). For example, when the goal is to
predict a continuous variable, like in the case of regression problems, we would like to obtain
a valid probability distribution such as a Gaussian with a mean and a covariance matrix.
When the goal is to predict a discrete variable, like in the case of classi cation problems,
we would like to obtain con dence scores that re ect the true probabilities. Uncertainty
guanti cation is a set of methods that enables us to know when to trust the prediction
from a model and when not. There is a famous saying, all models are wrong, but some are
useful . In this thesis, we take a stance that one type of useful model is the model with a
notion of its own uncertainty, or the model that knows when it doesn't know. This problem

of estimating uncertainty in deep learning is of primary focus in this thesis.

The relevance of the uncertainty quanti cation problem in deep learning can be further
stressed. First and foremost, employing deep learning in safety-critical applications requires
reliable uncertainty estimates. Typical examples include applications of deep learning
models for decision-making in healthcare (Huang et al., 2024), or the autonomous driving
(Feng et al., 2022a) domain. Imagine an automated cancer detection using MRI scans
missing the diagnosis of cancer, or a driving assistant system failing to distinguish a
pedestrian. The consequences can be catastrophic. Second, uncertainty awareness helps
users comprehend and trust the decisions from deep learning. For example, Wang et al.
(2023a) argues that while deep learning can accelerate scienti ¢ discoveries, measuring the
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levels of uncertainty is essential for ensuring that we do not rely heavily on potentially awed
results. Lastly, uncertainty estimates can also be applied to improve the machine learning
algorithms in deep learning. Few examples are in the problem of (a) active learning where
an algorithm chooses the most informative data points to learn from (Settles, 2012; Ren
et al., 2021), (b) Bayesian optimization where an optimizer e ciently nds the solution of a
complex objective function (Frazier, 2018; Wang et al., 2023b), (c) bandits and explorations
in reinforcement learning where an agent must balance exploration (trying new actions to
gather more information) and exploitation (choosing actions that maximize known utility)
(Sutton, 2018). What is common to these use cases is decision-making under uncertainty.
Among others, robotics is of particular interest in this thesis. To integrate deep learning
into robotics, the aforementioned traits such as safety, trustworthiness, and decision-making
under uncertainty are highly desirable. This is because robots are physical machines and
their actions have consequences in the real world. To this end, the general role of uncertainty
in robotics has been historically emphasized, leading to an area called probabilistic robotics.
To address the generic problem of quantifying uncertainty in deep learning, this thesis shows
that the eld of probabilistic robotics can provide new perspectives for further progress.

1.1. Probabilistic Robotics

Probabilistic robotics (Thrun et al., 2002) is a sub eld of robotics that deals with various
uncertainties the robot inevitably encounters in the physical world. To scale robotic systems
beyond assembly lines in factories, its key idea is to build the robots that pay tribute to the
uncertainties when connecting the robot's perception and action. That is, robot perception
is formulated as a probabilistic reasoning problem, in which the robot has to represent its
uncertainty when estimating a quantity of interest through sensor measurements. Robot
control is a decision-making problem in which the robot has to maximize its utility in the
face of uncertainty. Here, control actions can be the robot's behavior generation towards
safety or even the reduction of uncertainty by online adaptation of the perception system.
In this way, probabilistic robotics provides a unifying perspective for the integration of
perception, learning, and control within one physical robot, which can contend with complex
environments and novel tasks. Thus, probabilistic robotics enables us to use less prior
knowledge about unstructured environments and less constrained speci cation of task
execution. The major hypothesis is that the robot with its own notion of uncertainty will
scale better than the robot that represents information without any notion of uncertainty.

In the past, several researchers developed probabilistic methods for robotics. One of the
early attempts was on robotic manipulation in assembly lines (Brooks, 1982). Soon after,
Cheeseman et al. (1987) proposed to represent the world model of object relations using
probability theory. This idea of embedding uncertainty into the robot's representation of
the world was utilized by well-known techniques such as probabilistic grid maps (Elfes,
1989; Burgard et al., 1996), elevation maps (Kweon et al., 1989), multi-level surface maps
(Triebel et al., 2006), and OctoMaps (Hornung et al., 2013). Given the map of the
environments, probabilistic methods for state estimation (Fox et al., 1999; Dellaert et al.,
1999) and planning (Roy et al., 1999; Kaelbling et al., 1998) were also investigated. In
the 2000s, probabilistic methods were actively applied to the problem of Simultaneous
Localization and Mapping (SLAM). SLAM involves tracking the robot's location within
unknown environments while building a map of that environment (Cadena et al., 2016).
Some examples were FastSLAM (Montemerlo et al., 2002), SEIF (Thrun et al., 2004), and
graph SLAM (Grisetti et al., 2010). Notably, Dellaert & Kaess (2006) observed that the
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Figure 1.2.: Past achievements in the research area of uncertainty in robotics. Probabilistic
robotics entails the history of developing methods that are well suited for their applications to
robotics. Using these methods, several robotic systems were built to demonstrate new applications.

information matrix, i.e., the inverse of the covariance matrix, can be factorized into sparse
matrices. Such sparse matrices could be incrementally updated (Kaess et al., 2008), or
represented as a graphical model called the Bayes tree that can solve the nonlinear least
squares problem incrementally (Kaess et al., 2012). These developments led to the GT-SAM
library (Dellaert, 2012) one of the hallmarks in probabilistic robotics for its wide adoption

in practice. Even today, probabilistic methods are still investigated for perception (Sodhi
et al., 2022), planning (Curtis et al., 2024; Ha et al., 2020), control (Berkenkamp et al.,
2017), simulation (Ramos et al., 2019) and many more topics in robotics research.

Along with the progress in probabilistic methods, we can see evaluation of these method-
ologies at the system level. One of the prominent examples is Rhino (Buhmann et al., 1995;
Burgard et al., 1999) and Minerva (Thrun et al., 2000). Particularly, in the fall of 1998,
an interactive tour guide robot, Minerva, was successfully deployed in the Smithsonian
Museum. During its two weeks of operation, the robot traversed over 44 km, interacting
with thousands of visitors. Thrun et al. (2000) argues that the key technical enabler was
Minerva's probabilistic algorithms. From perception to action, Minerva relied on probabilis-
tic methods such as Monte-Carlo localization (Fox et al., 1999), occupancy grid maps (Elfes,
1989; Burgard et al., 1996), and planning under uncertainty (Roy et al., 1999; Kaelbling
et al., 1998). In this way, Minerva showed how probabilistic approaches can enable robust
operations in complex environments, where approaches that ignored a robot's uncertainty
could not scale back then. Another example is from the domain of autonomous driving. In
Freiburg, researchers demonstrated autonomous parking in a complex real parking garage
(Kummerle et al., 2009). The self-driving car utilized a probabilistic localization technique
(Kimmerle et al., 2008) on a mapping framework of Triebel et al. (2006). A robot called
Obelix is another probabilistic robot, which traversed over 3 km in the city of Freiburg
autonomously, despite the human presence in the streets (Kimmerle et al., 2013). One
of the most recent systems is from the DARPA Subterranean Challenge, where multiple
robots had to navigate and map complex underground environments, such as tunnels, caves,
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and urban infrastructure. Notably, the JPL's NeBula (Morrell et al., 2022) devised an
uncertainty-aware autonomy solution for the perception and planning of robots.

New technologies bring not only opportunities, but also new problems. Traditionally,
probabilistic robotics focused on uncertainty due to imperfect sensor measurements. Since
robotic perception relied on direct processing of noisy sensor measurements, modeling and
propagation of the sensor noise was crucial back then (Thrun et al., 2002). However, due
to the popularity of deep learning (Goodfellow et al., 2016), neural networks are nowadays
being used more and more for perception tasks. This trend of Al-based robotics is urging for
paradigm shifts in probabilistic robotics. That is, instead of reasoning about uncertainty in
sensor measurements, new tools are needed to compute uncertainties due to imperfections
in deep learning models. Similar to how probabilistic robotics developed in a classical
realm, these new tools need to be validated and re ned further based on their real-world
applications. In this thesis, we approach the problem of uncertainty quanti cation in deep
learning, emphasizing this balanced interplay between methods and systems.

1.2. Problem Statement

The main objectives of this thesis are twofold. On the fundamental side, we aim to develop
probabilistic methods to quantify uncertainty in deep learning. A concrete goal is to advance
the state-of-the-art methods in the metrics relevant to robotics while providing theoretical
foundations behind the proposed methodologies. At the system level, we aim to ground
these methods in concrete applications of robotics and demonstrate possibilities for new
applications. For probabilistic robotics, the goal is to demonstrate that learning systems
with their notion of uncertainty can scale better than systems that ignore this uncertainty.
With these results, this thesis also aims at consolidating the already probabilistic nature of
many robotics applications with novel probabilistic representations of deep learning.

For this, we build on Bayesian statistics. To explain, imagine our goal is to predict if it's
going to rain tomorrow. Before anything, we might say, well, in winter, it rains about 55%
of the time here . This is our prior belief. Then, we check the weather forecast. The forecast
says dark clouds are forming which gives usmew evidence or data Now, we can make
predictions by updating our prior belief with this new evidence. Indeed, we may predict:
there is a high chance that it rains tomorrow . This example illustrates the intuition behind
Bayesian statistics, which uses Bayes' Theorem to update one's belief about an event as
new evidence arrives. More formally, utilizing one's belief about an event, we can make
predictions y* for new incoming datax*. Given a random variable and data D:

1. We de ne our prior belief about the event : p~ .

2. Once new evidence arrives, we update our beliefi’ ®- %
3. Predict for the new datum (x*, y¥): p(y*|x*,.D) = RpY*&*; p° ®ed .

The rst step is called prior speci cation, while the second step is called posterior inference.
With Bayes' theorem, we obtain a posterior distribution p° ®+ which is a function of the
likelihood p"DS, the prior p~ e, and the evidencep De. The last step is called predictions
through marginalization. The marginalization involves averaging over all the possibilities,
weighted by the posterior probabilities. The resulting distribution p(y* | x*,D) captures
uncertainty in predictions y*. The same procedure can be applied to deep learning, hence
called Bayesian deep learning . As in table 1.1, the model parameters in deep learning are
treated as random variables. This is plausible because our model itself is uncertain.

25



1. Introduction

Standard Deep Learning Bayesian Deep Learning
1. User de nes an architecturef . 1. User de nes a priorp™ « for f .
2. Training results in " >argmax p” $+. 2. Training results in posterior p° ®e.
3. Predictions result iny* f “x¥e. 3. Predictions result in p(y*|x*,D).

Table 1.1.: Dierences between standard deep learning and Bayesian methods are highlighted.
In deep learning, the user de nes the structure of learning process through a neural network
architecture. Then, given training data D, the outcome of training is a single set of model
parametersA. Predictions are inherently deterministic. In contrast, Bayesian methods de ne priors
over the model parameters, in addition to the model structure. The outcome of training is a model
that is a probability distribution. Predictions contain uncertainty estimates. The illustrations show
fully-connected layers. However, the methodology applies to other architectures as well.

Applying Bayesian principles to deep learning provides several advantages. First, domain
knowledge can be incorporated into the learning algorithm through priors (Fortuin, 2022).
Therefore, choosing appropriate priors allows knowledge transfer across diverse domains
and tasks for generalization and uncertainty estimation (Finn et al., 2018; Wang et al.,
2024). Second, Bayesian methods can quantify uncertainty over the deep learning models.
Knowing what our models don't know helps us capture situations when test conditions are
underrepresented in the training data. This phenomenon of distributional shifts routinely
occurs when a robot tries to contend with complex environments and novel tasks (Stnderhauf
et al., 2018). Third, for predictions, Bayesian methods average di erent hypotheses instead
of relying on point estimates. Predictions through marginalization, also known as Bayesian
Model Averaging, can improve accuracy and uncertainty estimates while avoiding over tting
(Wilson & Izmailov, 2020). Lastly, deep learning can be combined with existing tools from
Bayesian machine learning. For example, deep learning can bene t from the Bayesian way
of model compression (Louizos et al., 2017), model selection (Immer et al., 2021a), active
learning (Settles, 2012), reinforcement learning (Sutton, 2018) and many more.

However, the applications of Bayesian statistics to deep learning are challenging. First,
neural networks are black box models where their parameters are uninterpretable and lie
in high-dimensional space. As a result, prior speci cation to encode domain knowledge
is non-trivial. Thus, uninformative priors are often used despite the signs of prior mis-
speci cation (Fortuin, 2022). Second, modern deep learning relies on large amounts of data
and over-parameterized architectures with billions of parameters. Consequently, inference
of complex posteriors is computationally intractable. To this end, simpli ed representations
such as Bernoulli distributions and mean eld approximations are commonly used, inducing
crude approximations of the true posteriors (Gawlikowski et al., 2023). Lastly, predictions
through marginalization involve averaging over multiple hypotheses for a single test input.
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Each hypothesis is typically obtained by drawing a sample from the posterior and running
a forward pass through the deep learning model. Such operations are computationally
expensive, especially for robots with constrained resources (Gawlikowski et al., 2023).

In consequence, this thesis is structured around three key research questions:

1. How to specify more meaningful priors for uncertainty and generalization?
2. How to infer complex posteriors while scaling to large dataset and models?

3. How to e ciently predict through marginalization by avoiding any sampling?

Addressing these research questions can bring several promises of Bayesian methods from a
theoretic construct to practical implementations. Together, these research questions also
point towards a single problem: how to obtain reliable uncertainty estimates from deep
learning models, which are suitable for their applications in robotics and beyond?

1.3. Contributions

To recap, this thesis addresses the problem of uncertainty in deep learning. To do so,
our objective is to advance the current state-of-the-art in a relevant way for robotics and
further provide system-level demonstrations that showcase the e ectiveness of probabilistic
methodologies in real-world applications. Applying Bayesian principles to deep learning
is potentially a promising way to reason about uncertainty. Yet, several challenges exist
for each sub-problem of Bayesian statistics, hamely (a) prior speci cation, (b) posterior
inference, and (c) predictions through marginalization. In this thesis, we therefore propose
new methods for each aforementioned challenge. Speci cally, we devise Bayesian methods
that enhance generalization through priors, scale inference to complex posteriors, and
accelerate marginalization for e cient predictions. Moreover, we show practical implemen-
tations of these methodologies. From humanoid robots recognizing deformable objects,
aerodynamic analysis of stratospheric and manned helicopter ights, and semi-autonomous
aerial manipulation in challenging environments, to shared autonomy using haptics and
extended reality, we contribute advances across multiple systems and applications.

Below, we expand and explain these contributions in more detail.

1.3.1. Main Contributions

On priors. A method for prior speci cation is presented.

Speci cally, we propose a novel prior learning method to

enhance generalization and uncertainty estimation in Deep

Neural Networks (DNNs). The central concept is to leverage

the scalable and structured posteriors of neural networks as

informative priors with generalization guarantees. Our learned

priors o er expressive probabilistic representations at a large

scale, akin to the Bayesian equivalents of pre-trained models

on ImageNet, while also delivering meaningful generalization

bounds. We extend this approach to a continual learning

framework, where the bene cial properties of our priors are

particularly useful. Our key technical enablers are: (1) sums-Figure 1.3.: Learning priors.
of-Kronecker-product computations, and (2) the derivation

and optimization of tractable objectives that improve generalization bounds. Empirically, we
demonstrate the e ectiveness of this method for uncertainty estimation and generalization.

27



1. Introduction

On posteriors. A method for posterior inference is pre-
sented. Concretely, we propose a sparse representation of
model uncertainty for DNNs, where the parameter posterior is
approximated using an inverse formulation of the Multivariate
Normal Distribution (MND), also known as the information
form. The core insight of our work is that the information
matrix, which is the inverse of the covariance matrix, typically
exhibits sparsity in its spectrum. As a result, dimensionality
reduction techniques, such as low-rank approximations (LRA),
can be e ectively applied. To achieve this, we develop a novel
sparsi cation algorithm and derive an e cient analytical sam- Figure 1.4.: Information in
pler. Consequently, we demonstrate that the information form ihe curvature of the loss.
can be applied at scale to represent model uncertainty in
DNNs. Among many experiments, we show that our method scales to large architectures
on ImageNet, which contains more than 14 million labeled images.

On predictions. A method for e cient marginalization is
presented. Our method features reliable uncertainty estimates
based on a mixture of Gaussian Process (GP) experts (or
local GPs), which are combined with a DNN, so that the
resulting predictor is also accurate. We theoretically prove
that neural networks can be cast as a mixture of GP experts
with a neural network-based kernel called the Neural Tangent
Kernel (NTK). We further show how this theory can be used
to obtain predictive uncertainties fast and reliably. To do
so, a divide-and-conquer strategy and an e cient predictive
algorithm are devised. At test time, our predictive model is
e cient and, by design, maintains the predictive power of
DNNs. Empirically, we not only show advancements over the state-of-the-art, but also
demonstrate its applicability to a micro aerial vehicle with limited onboard computations.

Figure 1.5.: DNN & GP

1.3.2. System-level Evaluation and Extensions

Now, we extend the developed methods in practice. We show that these methods improve

robustness of deep learning on real robots (system 1 and 4). Uncertainty estimates can also

also address the lack of annotated training data in real world applications (system 2 and 3).
System 1. This work extends the proposed prior learning

method. For that, we develop CLEVER, a stream-based ac-

tive learner for robust semantic perception using DNNs. This

system seeks human support when encountering failures and

adapts the model online based on human instructions. In this

way, CLEVER can eventually complete the given semantic

perception tasks. The key enabler is our Bayesian formulation

that encodes domain knowledge through priors. Empirically,

through a user validation study with 13 participants, we rst

demonstrate that our system can perform semantic perception

on various objects. Second, we showcase CLEVER's capa-

bilities on a humanoid robot for the semantic perception of  Figure 1.6.: Humanoid.

deformable objects. To the best of our knowledge, this is the

rst work to implement active learning from streams of data on a real robot, providing
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evidence that the robustness of DNN-based semantic perception improves in practice.

System 2. We extend our posterior inference method to
tackle a real-world problem in experimental aerodynamics.
Concretely, tufts, strips of wire or rope, are frequently used
to visualize the local ow direction around aerial systems.
We propose a computer vision system that automatically ex-
tracts shapes of tufts from images taken from an unmanned
aerial vehicle (UAV) and manned helicopter ights. A se-
mantic segmentation pipeline is devised consisting of three
uncertainty-driven modules: (a) active learning for object
detection, (b) image matching for object classi cation, and
(c) weakly supervised instance segmentation. This probabilis-
tic approach facilitate a learning process without any costly Figure 1.7.: Understanding
annotations of semantic segmentation masks, unlike the end-manned helicopter ight.
to-end supervised deep learning. We substantiate our design
decisions by showing how improvements in uncertainty estimation enable more e cient use
of training data. Real-world demonstrations of the devised system is further provided.

System 3. We extend our posterior inference method to
develop a telepresence system for aerial manipulation. The sys-
tem features a haptic device and a Virtual Reality (VR) inter-
face that provides real-time 3D views of the robot's workspace.
This system is based on our perception pipeline, which includes
a pool-based active learning system that improves sample ef-
ciency of DNN-based object detection. Experimental results
demonstrate how estimating algorithmic failures and uncer-
tainty helps address our scenarios. In particular, with data
collected from a long-term deployment of the robot, we show
that our posterior inference method improves the active learn-
ing performance when compared to a popular alternative of Figure 1.8.: Aerial manipu-
Gal & Ghahramani (2016). Furthermore, eld experiments, lation at night.
including night operations and involving over 70 successful
tasks with the DLR cable-Suspended Aerial Manipulator (SAM), demonstrate the system's
e ectiveness and viability of our concept for future industrial applications.

System 4. The GP-based uncertainty estimation tech-

nique is extended here. In particular, we develop SPIRIT

a shared autonomy system for robust aerial manipulation

under uncertainty. A novel feature of SPIRIT is its probabilis-
tic approach, allowing users to interact with a remote robot
through an explicit representation of uncertainty in deep learn-

ing. Speci cally, from perception modules that pervasively

rely on DNNs nowadays, we obtain the uncertainty estimates
to decide the level of autonomy, e.g., the users can switch
from semi-autonomous manipulation to pure teleoperation if
the predictions are highly uncertain. This way, we integrate

uninterpretable DNN methods more safely while leveraging Figure 1.9.: Shared auton-
their state-of-the-art performance in the real world. A techni- omy for aerial manipulation.
cal enabler is our partitioned probabilistic approach to point
cloud registration with the NTK. Empirically, an ample evidence is provided to show how
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embracing uncertainty in deep learning results in robust real-world operations.
In summary, the major contributions of this thesis are as follows.

On priors:

1. We propose to exploit scalable and structured posteriors of neural networks as
informative priors with generalization guarantees.

2. We derive the sums-of-Kronecker-product computations that provably converge to the
rank-one optimality. PAC-Bayes objectives are derived for a tractable generalization.

3. We develop a stream-based active learner for robust semantic perception. Using deep
learning, the active learning is demonstrated on a physical robot for the rst time.

On posteriors:

4. We propose to represent the posterior of neural networks in sparse information form,
as a scalable technique to perform probabilistic inference.

5. We derive the low-rank sampling computations that allow a direct sampling from our
sparse information formulation: Kronecker eigen-decomposition plus diagonal form.

6. We develop a computer vision system that enables in- ight aerodynamic analysis of a
helicopter and stratospheric drone using the probabilistic method.

7. We develop a perception system for aerial manipulation in challenging environments.
State-of-the-art aerial manipulation is achieved using the probabilistic method.

On predictions:

8. We propose to e ciently estimate predictive uncertainty of neural networks with a
sparse variant of GPs called mixture of GP experts, also known as local GPs.

9. We derive a theoretic connection between DNNs and mixture of GP experts with the
NTK, adding a new result to the universal approximation theory of DNNs.

10. We develop SPIRIT, a shared autonomy for aerial manipulation under uncertainty.
The rst version of this system won the Finalist of KUKA Innovation Award 2023.

With the aforementioned contributions, this thesis provides both the methodological
advances to quantify uncertainty in deep learning, as well as systems' contributions to
show that uncertainty awareness can increase the scalability of robots in practice. By
addressing several challenges, we demonstrate that (a) meaningful priors can be speci ed
to incorporate domain knowledge, (b) complex posteriors can be scalably obtained for large
datasets and models, and (c) marginalization can be made run-time e cient by avoiding
any sampling from the posterior. These contributions bridge the probabilistic robotics
with recent advances in arti cial intelligence, paving the way towards safe and trustworthy
robotic systems that are capable of intelligent decision-making under uncertainty.

Furthermore, the developed methods and systems are being used in the national and
international projects of the German Aerospace Center (DLR). We successfully transferred
our contributions to the domain of future manufacturing, planetary exploration, and service
robotics with humanoids. Multiple perception tasks such as SLAM, object detection, and
localization of linear deformable objects are also showcased. We also outline our e orts in
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Figure 1.10.: Structure of this thesis and interconnections of each chapters.

developing a software infrastructure as a nal result of this thesis. Many of these cover
experimentation outside the lab. Therefore, we show that our contributions do not over t
to speci ¢ scenarios, but they can be used to address multiple use cases more broadly.

1.4. Outline

Figure 1.10 shows the outline of the thesis, the interrelation of each chapter, and how the
respective chapters are related to the aforementioned contributions. Concretely, chapter 2
covers background information on relevant topics such as uncertainty in robotics, Bayesian
statistics, challenges of Bayesian Deep Learning, and current practices in benchmarking
uncertainty quanti cation methods. This chapter also provides a brief review of the existing
works, which are classi ed into priors, posteriors, and predictions. Chapters 3, 4 and 5
present our methodological contributions on priors, posteriors, and predictions, respectively.
Chapters 7, 8, 6 and 9 provide our system contributions that utilize the developed methods.
Then, chapter 10 disseminates the contributed methods and systems in other use cases.
Lastly, chapter 11 concludes the thesis. The research presented in this thesis addresses one
single problem: uncertainty in deep learning. As several methodologies and systems have
been built around one problem, we compare and report the lessons learned. Despite the
progress in understanding the given problem, many limitations remain. We thereby discuss
opportunities for extensions and exciting venues for further research.

The research ndings reported in this dissertation resulted in eleven publications (eight
lead author papers and three co-authored). The list of these publications can be found
in table 1.2. The lead author publications form the main body of each chapter. The
references are indicated in both table 1.2 and gure 1.10. Furthermore, in total, eleven
more publications have been co-authored (two lead author papers and ten co-authored),
which are related to the topic of this thesis broadly, but are not incorporated into the thesis.

31



1. Introduction

A complete list of publications is provided in appendix D at the end of the thesis.
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CHAPTERZ

Foundation® Challenges

In this chapter, we introduce the problem of uncertainty quanti cation in deep learning
within the context of robotics. Then, as we build upon Bayesian statistics, the relevant
foundations on this topic are provided. To better understand the problem, we dive into the
challenges in applying Bayesian statistics to deep learning. In light of these challenges, a
review of the current state-of-the-art is provided. Benchmarking and measuring the quality
of uncertainty estimates is a non-trivial topic since no ground truth exists. We therefore
discuss current practices and standards of evaluating the quality of uncertainty estimates.

2.1. Uncertainty in Robotics & Deep Learning

Imagine a mobile robot. As illustrated in gure 2.1, the robot has sensors to detect doors.
The robot can move using its wheels. To simplify the problem, the robot can only move
in one dimension. All the wheels are equipped with position encoders. So, the robot can
roughly know the distance it has traversed over time. Now, by utilizing this information,
the robot is asked to localize itself within an environment. Let's say, the robot is in the
corridor with three doors (see gure 2.2) and the robot needs to tell its location with a
one-dimensional coordinate. The robot has a map of the corridor and how each door is
placed with respect to each other. But the robot does not know its starting position.

At time zero, the robot starts next to the rst door. The sensors are not activated yet.

Figure 2.1.: A mobile robot with sensor to detect doors (Burgard, 2021).
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(a) A mobile robot starts in an arbitary postion. (o) The robot detects a door.

(c) The roobt traverses the corridor. (d) The robot detects a door.

Figure 2.2.: A probabilistic approach to localization of a mobile robot (Burgard, 2021).

Can the robot tell its own location at this time? The answer is no. By construction, the
starting position is not given to the robot. Therefore, at this time, the robot does not
know its own position within the corridor. Then, how should we represent this situation
mathematically? The most natural way is to use probability distributions (Thrun et al.,
2002). Since the robot's position is unknown, it can be, equally likely, anywhere in the
corridor. Now, we activate the sensors and the robot detects a door. From the viewpoint of
the robot, the door it detected can be any of the three doors in the corridor. Again, the
most natural way to represent this information is probability distributions, i.e., the robot is
likely to be in front of any doors. Next, while the robot is traversing the corridor, it has
detected another door, which happens to be the second one in this example (see gure 2.2).
Because the robot knows the distance between each door and how much it has moved from
the rst door, the robot can now be con dent that it's in front of the second door.

This toy problem introduces the key insights behind uncertainty and probabilistic repre-
sentations for robotics. First, the robots may encounter ambiguous situations, which may
arise from the problem de nition itself. In the given toy problem, the robot has no way
of localizing itself at the starting position and these ambiguities cannot be represented
deterministically. Moreover, while we assumed that the robot can perfectly detect doors
and know how much it has traversed, real-world applications are more complicated than
this toy problem. Sensors are inherently noisy and limited in what they can perceive (Thrun
et al., 2002). Robot actuation, especially low-cost hardware, is also unpredictable due to
e ects such as wear-and-tear and error of the controller (Thrun et al., 2002). These two
factors can give rise to uncertainty, which cannot be ignored in robotics.

Similarly, deep learning is inherently error-prone due to various uncertainties from the
operations of a robot. To explain, let's expand the previous toy problem. Now, the mobile
robot is in a three-dimensional world (see gure 2.2). The robot is equipped with a camera.
Instead of detecting doors, the robot recognizes various objects in a room using computer
vision. For the recognition of objects, a deep learning model is trained using visual data.
The data is collected by the robot, knowing the presence of particular objects, such as
chairs and desks. In this scenario, when deployed in the same room, the robot can recognize
these given objects with a certain level of accuracy. However, even when test conditions
resemble the training, the model will likely not achieve 1086 training and test set accuracy
due to several factors such as over tting, label errors, class ambiguity, imperfect optimizers,
and representation power. Furthermore, imagine that the robot is in a di erent room that
contains di erent objects such as computers and televisions. The model has never seen
these objects before and will fail to recognize them. Also, slight changes in lighting and
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Figure 2.3.: A modern mobile robot which navigates in a room. Now, with a camera and computer
vision, the robot recognizes di erent objects in the room. The robot can typically encounter known
objects that is independent and identically distributed (I.1.D) to the training data. A mobile robot,

in a di erent room, may encounter distribution shifts where test conditions are not well represented
in the training data. Out-of-distribution (OOD) is one example of distribution shifts.

background can cause distribution shifts, where the test conditions are underrepresented in
the training data. These can reduce the model's accuracy for the robot.

Notably, Bayesian statistics emphasizes two major sources of uncertainty (Der Kiureghian
& Ditlevsen, 2009; Kendall & Gal, 2017). Aleatoric uncertainty (or data uncertainty) comes
from the inherent randomness or noise in the data itself. Few examples are sensor noise,
ambiguous or overlapping classes, label noise, or even intrinsic randomness in the processes.
This type of uncertainty is known to be irreducible even at the limits of the data. In
contrast, epistemic uncertainty (or model uncertainty) arises due to the model's lack of
knowledge about the true data distribution. For example, a model is uncertain when not
enough data is available or could not learn the underlying patterns well. Improving the
model or collecting more training data can reduce this uncertainty. So, in robotics, when
do each source of uncertainty play an important role? Aleatoric uncertainty sets a limit on
achievable accuracy and is useful when large amounts of data are available (Kendall & Gal,
2017). From the example from gure 2.3, this may correspond to the rst scenario, when
the robot is in the rst room with chairs and desks. On the other hand, out-of-distribution
and distribution shift scenarios are better captured by epistemic uncertainty (Kendall &
Gal, 2017). This may correspond to the second scenario, when the robot is in the second
room with computers and televisions. Aleatoric uncertainty is always present and expected,
but epistemic uncertainty indicates when the robot is out of its comfort zone or faced with
novel situations. These situations can create unexpected failures and safety risks.

Having introduced several concepts on uncertainty in robotics and deep learning, we now
closely examine Bayesian statistics a key theory commonly used throughout this thesis.

2.2. Bayesian Statistics

What is probability? In traditional statistics, the probability is interpreted as the frequency
of an event occurring over many independent trials (hence, also called Frequentist statistics):

Number of events happening inN trials
N :

Probability NIirna

This interpretation seems plausible. But, what if we are interested in an event, of which we
cannot conduct multiple independent trials? Krause & Hibotter (2025) gives an example
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