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Abstract

State estimation methods rely heavily on process and measurement models, yet deriving such models
analytically can be difficult in many robotics applications due to complex sensing modalities and
nonlinear dynamics, often resulting in modeling errors. This thesis investigates Koopman-inspired
lifting as a framework for incorporating learned models into probabilistic state estimation. By
preserving useful inference structure, the resulting methods enable efficient system identification,
inference, and uncertainty quantification. The proposed approach learns lifted representations in
which nonlinear estimation problems admit approximately (bi)linear-Gaussian structure, enabling
model learning through least-squares-like procedures while retaining many of the tools of classical
estimation. We first develop the Koopman-Inspired Learned Observations Extended Kalman Filter
(KILO-EKF), which incorporates learned lifted measurement models into classical filtering archi-
tectures. We then introduce the Koopman State Estimator (KoopSE), extending lifting to both
process and measurement models for data-driven batch state estimation. Building on these ideas,
we develop the Reduced Constrained Koopman Linearization (RCKL) framework for localization
and simultaneous localization and mapping (SLAM), addressing the challenges that arise in large-
scale lifted estimation. In studying uncertainty estimation for these constrained formulations, we
uncover a broader connection to Gaussian inference on manifolds. This leads to a general framework
for marginalizing and conditioning Gaussian distributions onto linearized manifolds and provides
a principled probabilistic interpretation of uncertainty estimation in equality-constrained optimiza-
tion. Collectively, these results demonstrate how learned lifted representations can be incorporated
into increasingly complex estimation frameworks while preserving efficient inference and principled

uncertainty quantification.
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Chapter 1

Introduction

Autonomous robots must make decisions using only partial and noisy observations of the world.
Tasks such as localizing a drone from range measurements, estimating the pose of a mobile robot from
cameras and LiDARs, or tracking the state of a legged robot during locomotion all fundamentally rely
on state estimation [1]. Modern estimation methods combine probabilistic inference with process and
measurement models to infer quantities that cannot be directly observed. Their success, however,
depends heavily on the accuracy of the available models. In practice, deriving such models can be
challenging. Measurement models may depend on complex sensing modalities and environmental
interactions, while process models may involve nonlinear dynamics that are difficult to characterize
analytically. Consequently, model mismatch often becomes a significant source of estimation error.

An alternative approach is to learn models directly from data rather than deriving them ana-
lytically. Recent advances in machine learning have enabled learned representations for dynamics
and perception that can capture complex behaviors difficult to model from first principles [2, 3, 4,
5]. However, incorporating learned models into probabilistic estimation frameworks remains chal-
lenging. While learned representations can improve model expressiveness, they do not necessarily
preserve the structure exploited by classical estimation methods, such as efficient optimization proce-
dures or principled uncertainty representations. This tension between model flexibility and inference
structure motivates the central theme of this thesis.

This thesis investigates Koopman-inspired lifting [6, 7] as a framework for incorporating learned
models into probabilistic state estimation. Rather than learning state estimates directly, Koopman
methods seek transformed representations in which nonlinear systems admit approximately linear
structure. Such representations offer the possibility of combining the flexibility of learned models
with the system identification and inference procedures used in classical estimation. In particular,
they provide a path toward learning process and measurement models from data through struc-
tured regression procedures while retaining estimation frameworks such as filtering and nonlinear
least-squares optimization. While Koopman methods have been studied extensively for system iden-
tification [8, 9], prediction [10], and control [11, 12, 13], extending these ideas to state estimation
introduces several additional challenges. Estimation problems must account for noisy measurements
and uncertainty, while many robotics systems involve states that evolve on nonlinear manifolds
rather than Fuclidean vector spaces. Moreover, large-scale problems such as simultaneous localiza-

tion and mapping (SLAM) require reasoning over thousands of correlated variables while maintaining
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I )l
| Classical State Estimation 1
|
| Handcraft process and measurement models based on physics and calibration |
|

Learn lifted sensing relationships

Chapter 4: Koopman-Inspired Filtering

Learn lifted measurement models for recursive state estimation

Extend lifting to system dynamics

Chapter 5: Koopman-Inspired Smoothing
Learn lifted process and measurement models for batch estimation

Add landmarks and enforce consistency with the lifted manifold
v
Chapter 6: Koopman-Inspired SLAM

Enable robust lifted localization and SLAM
through enforcing manifold constraints

Generalize constrained uncertainty estimation

Y

Chapter 7: Gaussian Inference on Linearized Manifolds

Extend covariance extraction beyond estimation to
general equality-constrained optimization problems

Figure 1.1: Conceptual progression of the estimation frameworks developed in this thesis.

computational tractability. Thus, although there is some prior work on Koopman-based state esti-
mation [14, 15, 16, 17|, its application to real-world robotics remains limited. The central question
explored in this thesis is how learned lifted representations can be incorporated into probabilistic
state estimation while preserving the structure required for efficient and principled inference.

We address this question through a progression of increasingly general problems. In Chapter 4,
we begin with filtering, where lifting is applied to measurement models within an extended Kalman
filter (EKF). We then extend lifting to both process and measurement models for batch estimation in
Chapter 5, enabling both models to be learned directly from data. In Chapter 6, we further extend
these ideas to SLAM, addressing the challenges associated with large-scale estimation in lifted spaces.
Finally, the uncertainty estimation challenges encountered in lifted SLAM motivate a broader study
of Gaussian inference on manifolds, culminating in a general framework for marginalization and

conditioning on linearized manifolds in Chapter 7.

1.1 Thesis Organization

The remainder of this thesis is organized as follows. Note that the technical chapters (4, 5, 6, and 7)
are not ordered chronologically according to the associated publications, but rather according to the

logical progression of the ideas developed throughout the thesis. See Fig. 1.1 for a visual summary.
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e Chapter 2: We review relevant work in classical state estimation, learning-based estimation,

and Koopman-inspired modeling.

e Chapter 3: We provide the necessary theoretical background on state estimation and Koop-

man operator theory.

e Chapter 4: We introduce the Koopman-Inspired Learned Observations Extended Kalman Fil-
ter (KILO-EKF), which incorporates learned lifted measurement models into a classical EKF.
This demonstrates how learned models can be integrated into classical estimation frameworks

while preserving their underlying inference structure.

Associated publication: Z. C. Guo, J. R. Forbes, and T. D. Barfoot, KILO-EKF: Koopman-
inspired learned observations extended Kalman filter, Accepted to IEEE/RSJ International
Conference on Intelligent Robots and Systems, 2026. arXiv: 2601.12463 [cs.RO].

e Chapter 5: We extend the lifting approach to both process and measurement models, enabling
data-driven batch state estimation through the proposed Koopman State Estimator (KoopSE).
This allows complex dynamics and sensing models to be learned directly from data within a

unified estimation framework.

Associated publication: Z. C. Guo, V. Korotkine, J. R. Forbes, and T. D. Barfoot, “Koop-
man linearization for data-driven batch state estimation of control-affine systems,” IEEE
Robotics and Automation Letters, vol. 7, no. 2, pp. 866-873, 2022. DoI: 10.1109/LRA.2021.
3133587.

e Chapter 6: We extend Koopman-inspired lifting to localization and SLAM problems by incor-
porating landmark variables into the learned models. This reveals new challenges associated
with large-scale estimation in lifted spaces, which are addressed through the proposed Reduced

Constrained Koopman Linearization (RCKL) framework.

Associated publication: Z. C. Guo, F. Diimbgen, J. R. Forbes, and T. D. Barfoot, “Data-
driven batch localization and SLAM using Koopman linearization,” IEEE Transactions on
Robotics, vol. 40, pp. 3964-3983, 2024. poI: 10.1109/TR0O.2024.3443674.

e Chapter 7: We develop a general framework that extends classical marginalization and con-
ditioning operations to Gaussian distributions on linearized manifolds, enabling principled
uncertainty extraction for equality-constrained estimators. This provides a probabilistic inter-

pretation of uncertainty estimation in constrained optimization problems.

Associated publication: Z. C. Guo, J. R. Forbes, and T. D. Barfoot, “Marginalizing and
conditioning gaussians onto linear approximations of smooth manifolds with applications in

robotics,” Proceedings of the IEEE International Conference on Robotics and Automation,
pp- 2606-2612, May 2025. DOI: 10.1109/ICRA55743.2025.11128000.

Recognition: Recipient of the Best Conference Paper Award at ICRA 2025.
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Chapter 2

Related Work

This chapter reviews the literature most relevant to the methods developed in this thesis. Rather
than providing an exhaustive survey, the discussion focuses on themes central to the proposed ap-
proaches, including probabilistic state estimation, estimation on manifolds, learning-based represen-
tations, and Koopman-inspired modeling and inference. Particular emphasis is placed on methods
that preserve structure useful for probabilistic inference while remaining scalable to larger robotics

estimation problems.

2.1 Classical State Estimation

2.1.1 Filtering, Smoothing, and SLAM

Classical state estimation methods infer system states from noisy process and measurement data
using probabilistic inference [1, 22]. Common robotics estimation formulations include filtering,
smoothing, and SLAM. Filtering methods, including the Kalman filter [23] and its variants [24],
estimate states recursively using only past measurements. Smoothing methods, such as the Rauch—
Tung—Striebel (RTS) smoother [25], incorporate future measurements to jointly estimate a trajectory.
In practice, smoothing can be performed either over a fixed window or over the entire trajectory
through batch optimization. When the environment map is also unknown, the problem becomes
SLAM, where the robot trajectory and landmark positions are estimated jointly [26, 27].

These and many other modern estimators rely on local linearization and Gaussian inference. For
linear-Gaussian systems, inference often admits closed-form solutions. However, nonlinear robotics
problems are typically solved through iterative local linearization methods such as Gauss—Newton
or Levenberg-Marquardt optimization [28, 1]. Over time, unifying optimization-based frameworks
such as factor graphs [29, 30] have emerged for localization and SLAM. Most methods considered in
this thesis operate in discrete time, though continuous-time estimation methods have also received
attention in robotics, particularly for applications involving asynchronous sensing or trajectory in-
terpolation [31].1

The methods above primarily rely on Gaussian inference in locally linear spaces. However, many

robotics estimation problems also involve geometric constraints or manifold structure, motivating

1Some continuous-time estimation problems can also be represented or approximated within discrete-time formu-
lations. See [32] for examples.
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extensions of classical inference methods to constrained and nonlinear spaces.

2.1.2 Estimation on Manifolds

Many estimation and optimization problems in robotics involve manifold structures. States such as
orientations and poses in a three-dimensional environment lie on Lie groups [33], requiring estima-
tion methods that account for their nonlinear geometry [1]. A range of EKF formulations have been
developed directly on matrix Lie groups, representing uncertainty through concentrated Gaussian
distributions and deriving prediction and update operations using Lie-group structure [34, 35, 36].
Related invariant and equivariant filtering approaches further exploit symmetry properties of the
system to obtain structured error dynamics [37, 38]. Many such methods formulate inference lo-
cally in tangent spaces or minimal coordinates, allowing classical Gaussian techniques to be applied
through local linearization. Gaussian distributions can likewise be approximated and fused through
these local Euclidean representations [39]. Thus, for important manifold classes such as Lie groups,
both mean estimation and uncertainty representations are relatively well developed.

In other scenarios, manifold structure arises from explicit, problem-specific constraints rather
than from a standard geometric state space. For example, Chapter 7 considers estimation of a
box trajectory constrained to remain in contact with a moving probe. Such problems are commonly
addressed through constrained nonlinear optimization, often using sequential quadratic programming
(SQP) [28], which repeatedly linearizes the objective and constraints and solves a local constrained
approximation. Constrained factor-graph methods for localization and SLAM [40, 41] follow this
general paradigm.

Although these approaches can produce valid mean estimates, covariance estimation and uncer-
tainty propagation are less broadly developed for problem-specific constrained manifolds. Existing
methods are often tailored either to particular constrained estimation problems [42, 43] or to specific
manifold classes, such as circles [44], spheres [45], and Lie groups. More general formulations for
Gaussian inference and covariance estimation on arbitrary smooth manifolds remain limited. This
gap is particularly important in this thesis, where Koopman-inspired lifted representations introduce

additional manifold structure requiring Gaussian inference beyond classical Lie-group settings.

2.2 Learning-Based State Estimation

2.2.1 General Learning-Based Modeling and Estimation

Learning-based state estimation methods use data-driven models to infer system states from control
inputs and measurements. These approaches have become increasingly important in robotics, where
accurate analytical models may be difficult to derive due to complex dynamics, sensing modali-
ties, or environmental interactions. Compared to classical model-based estimators, learning-based
methods can capture richer nonlinear behaviors directly from data while still being integrated into
probabilistic estimation frameworks.

A wide range of learned representations have been proposed, including those based on neural
networks, kernels [46], Gaussian processes [47], and the Koopman operator [6, 7|. Neural-network-
based representations [2, 3, 4, 5] are often highly expressive and can learn complex sensing and

dynamical relationships directly from data. However, incorporating such learned representations into
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probabilistic estimation frameworks remains challenging, as the learned features are not generally
constrained to preserve the structure exploited by classical estimation methods. This can complicate
the use of classical inference algorithms and uncertainty representations.

On the other hand, kernel methods and Gaussian processes provide flexible nonparametric rep-
resentations of nonlinear functions and probability distributions while preserving structure useful
for probabilistic inference. In particular, lifted feature representations in kernel methods may admit
simpler or approximately linear representations [48, 49]. These ideas have motivated the use of
kernels [50, 51, 52| and Gaussian processes [53, 54] for data-driven modeling and state estimation.
These methods often scale poorly with the amount of training data and require approximations
for real-time deployment [55]. As a result, many of these methods have primarily been validated
on relatively small-scale state-estimation problems and controlled experimental settings, with more
limited adoption in large-scale real-time robotics and SLAM systems. In practice, many approaches
also impose structural assumptions on the system dynamics or noise models to maintain tractabil-
ity [56]. These challenges motivate the use of Koopman-based representations, which aim to preserve

structure useful for inference while remaining scalable to larger robotics problems.

2.2.2 Koopman-Based Modeling, Control, and Estimation

Koopman-based methods represent nonlinear systems using approximately linear dynamics in lifted
feature spaces [6, 7]. Rather than directly modeling nonlinear state evolution, these approaches seek
feature representations in which the dynamics admit simpler linear or bilinear [13] structure. In
robotics, this perspective has attracted significant attention in system identification [8, 9] and con-
trol [11, 12, 13] due to its ability to represent nonlinear systems using approximately linear dynamics
compatible with classical linear systems techniques [7]. Their finite-dimensional lifted structure has
enabled computationally efficient learning and inference for larger-scale robotics modeling and con-
trol [12, 57].

A central challenge in Koopman-based modeling is the selection of lifting functions, often referred
to as observables in Koopman literature, used to represent the system in the lifted space. Exist-
ing approaches include hand-designed observables motivated by system structure [11, 58, 59, 60,
61], randomized feature representations [62, 63|, and learned liftings based on neural networks [64,
65]. Finite-dimensional Koopman models are often constructed from candidate observables using
methods such as Extended Dynamic Mode Decomposition (EDMD) [66, 67] or sparse identification
techniques [68, 69]. While learned liftings are often more expressive, structured observables and ran-
domized features remain attractive due to their simplicity and scalability, as well as compatibility
with classical systems-theoretic techniques. The methods proposed in this thesis primarily leverage
these structured lifted representations for state estimation.

Many of the practical methods discussed above learn lifted state-space models directly from
data. However, these lifted representations are generally only approximately invariant under nonlin-
ear dynamics, leading to degraded performance over long time horizons [70] even with reprojection
approximations [71, 72|. Consequently, a major focus of the Koopman literature is the construction
of Koopman-invariant subspaces and Koopman eigenfunctions from data [73, 74, 10]. These ap-
proaches are particularly attractive for prediction and control tasks, where preserving long-horizon
dynamical consistency is important. This Koopman mode and eigenvalue perspective, however, is

less naturally aligned with stochastic inference problems such as state estimation, where uncertainty
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representations, measurement models, and probabilistic inference are often more central than exact
long-horizon dynamical invariance [74, 10].

In general, Koopman-inspired methods for state estimation remain relatively limited. Existing
work includes Koopman observer constructions for constrained estimation [14, 15], as well as Koop-
man Kalman filters based on spectral or kernel representations [16, 17]. These methods focus on
constructing Koopman representations with the particular structure required by their estimators,
such as observer forms, spectral coordinates, or kernel approximations. In practice, obtaining such
representations and applying the resulting estimators at scale can be challenging, particularly for
robotics problems with noisy measurements, model mismatches, and geometric state spaces such as
Lie groups. Consequently, existing evaluations have largely remained in relatively low-dimensional
or specialized settings.

More broadly, much of the Koopman literature focuses on prediction and control, whereas robotics
estimation problems such as filtering, smoothing, and SLAM require probabilistic inference over cou-
pled variables while maintaining meaningful uncertainty representations. The structural challenges
introduced by lifted representations, including manifold consistency and uncertainty estimation,
remain comparatively underexplored in Koopman-inspired probabilistic estimation.

This thesis aims to bridge this gap by developing Koopman-inspired methods for data-driven
filtering, smoothing, and SLAM, validated on large-scale simulations and real-world datasets. Rather
than requiring the explicit recovery of Koopman eigenfunctions or invariant subspaces, the proposed
methods construct lifted representations that preserve structure useful for probabilistic inference

and, when required, enforce consistency with the underlying lifted manifold.



Chapter 3

Background

This chapter reviews the mathematical and algorithmic background underlying the methods devel-
oped in this thesis. We first review probabilistic state estimation and its connection to optimization,
highlighting how inference problems in robotics can be formulated as nonlinear least-squares es-
timation problems. This optimization perspective underlies the estimation frameworks developed
throughout the thesis, including the filtering, smoothing, and SLAM formulations introduced in
Chapters 4, 5, and 6. We also highlight the roles of marginalization and conditioning operations,
which are fundamental to probabilistic inference and later form the basis for the developments in
Chapter 7. We then review Koopman operator theory, which seeks lifted representations in which
nonlinear systems admit approximately linear dynamics. This provides the foundation for the learned

lifted process and measurement models developed in Chapters 4, 5, and 6.

3.1 State Estimation

In this section, we review probabilistic state estimation for dynamical systems and its connection
to optimization. We introduce filtering and batch estimation formulations, along with the nonlinear
least-squares perspective underlying many modern robotics estimation methods. We also discuss
the roles of marginalization and conditioning operations in probabilistic inference. See [1] for a

comprehensive treatment of state estimation in robotics.

3.1.1 Problem Formulation

Many robotics problems, including localization and mapping, can be viewed as estimating the hid-
den state of a dynamical system. Since the system state cannot typically be observed directly and
measurements are corrupted by noise, state estimation is naturally formulated as a probabilistic
inference problem. Suppose we aim to estimate the state &, at timestep k, which may represent
quantities such as robot pose, robot velocity, or map variables. Rather than estimating a determin-
istic &g, the objective is instead to infer a probability distribution, or belief, over £, conditioned on
noisy measurements and inputs.

State estimation problems are typically modeled with a process model and a measurement model:
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&k = £(&k—1,vk) + €k, (3.1a)
e = &(&k) + M, (3.1b)

where (3.1a) describes the system dynamics governing the evolution of the state from timestep k — 1
to timestep k, and (3.1b) describes how the measurement depends on the state at timestep k. The
measurements 7y, provide partial and noisy observations of the state, and the input v may represent
control commands or other exogenous signals. The noise terms €, and 7 capture uncertainty in
the process and measurement models, respectively. Typically, we assume that the process and

measurement noises are zero-mean Gaussians with covariances Q and R, respectively:
e ~N(0,Q), 1 ~N(O,R). (3.2)

The state estimation objective may be to estimate either the current state or the full state
trajectory. Recursive filtering methods propagate and update a belief over the current state £ as new
measurements and inputs arrive, yielding the posterior belief p(&x | ¥1.x, V1.1 ). Conceptually, filtering
repeatedly conditions on new measurements while marginalizing past states. Classical examples
include the Kalman filter and its nonlinear variants [24], which are widely used in robotics due to
their conceptual simplicity, computational efficiency, and suitability for real-time applications.

In batch estimation or smoothing problems, the objective is instead to estimate the full trajectory,
&o.1, conditioned on all measurements, ~;.x, and inputs, vy.,. That is, we estimate the posterior
distribution p(€o.x | Y1:k, V1:x). Unlike recursive filtering methods, batch formulations jointly infer
states across multiple timesteps simultaneously, enabling future measurements to improve estimates
of past states and allowing stronger exploitation of correlations across the trajectory. As a result,
batch methods are often more accurate and flexible for large-scale robotics problems such as mapping
and SLAM, where one frequently marginalizes or conditions subsets of variables to extract local
state estimates and covariances from larger joint distributions. More generally, batch estimation
encompasses formulations ranging from fixed-lag smoothing to full trajectory estimation. Although
this thesis begins with a filtering formulation in Chapter 4, we primarily focus on batch estimation
methods in Chapters 5, 6, and 7.

3.1.2 Connection to Optimization

We now review the connection between probabilistic inference and optimization in batch estimation
problems, although many of the same ideas also apply to recursive filtering methods. See [1, §3.1]

for more details. Using Bayes’ rule, the posterior distribution factorizes as

p(&o:k | Yieks Vi) X P(&oire | Vik)P(V1:k | Eoi) (3.3a)
k k

=p&o) [ p&i | &—1,v) [ p(vi | &), (3.3b)
=1 i=1

where the last line follows from the Markov assumption together with conditional independence of

the measurements. For general nonlinear systems, representing and computing the full posterior
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distribution is often intractable. Instead, many state estimation methods seek a point estimate cor-
responding to the maximum a posteriori (MAP) solution. This estimate is obtained by maximizing

the posterior, or equivalently minimizing the negative log posterior:

o = ar%max p(&o:k | Y1:ks V1:k) (3.4a)
0:k
= al"gmin —log p(&owk | Y1k V1) (3.4b)
0:k
k K
= argmin — | log p(§) + ) logp(&i [ &1, vi) + > logp(yi | &) - (3.4c)
ik im1 i=1

We assume that we have a Gaussian prior on the initial state: & ~ A (éo, 20). Under the assumption
that the model noises are zero-mean Gaussians (3.2), this yields a weighted nonlinear least-squares

problem of the form €o., = argming , J(§o:x), where the objective is given by

k k
1 _ 1 _ 1 _
J(&ok) = 59320 feo + 5 Z e, Qi lev, + 5 Ze;iRi fey., (3.5)
i=1

i=1

where eg, e, ;, and e, ; are the initial, process, and measurement residuals, respectively, defined as

eo(fo) =& — éOa eu,i(&—h&) =& - f(Ei—h Vi)a eq,i(fz‘) =% — g(ﬁz‘)~ (3'6)

We can then solve for the MAP estimate, éo:k, using nonlinear least-squares optimization methods
such as Gauss—Newton or Levenberg-Marquardt [1, 28].

In addition to the point estimate, we are often also interested in characterizing the uncertainty of
the estimate. A common approach is to use Laplace’s approxzimation [75] to obtain a local Gaussian
approximation of the posterior distribution using the inverse Hessian of the negative log posterior
evaluated at the MAP solution:

-1

. 0%2J(&.
Sou 7(50"“) : (3.7)
Wok g, 0

We would then characterize the solution as €., ~ N (éo:k, ﬁ]o:k)- Although the true posterior is
generally non-Gaussian for nonlinear systems, Laplace’s approximation is widely used in practice to
obtain local Gaussian uncertainty estimates around the MAP solution. The resulting Gaussian ap-
proximation additionally supports efficient marginalization and conditioning operations over subsets
of variables, which are central to many sparse inference and SLAM algorithms.

In general, computing the MAP estimate for nonlinear systems requires iterative optimization.
However, the situation simplifies significantly for linear-Gaussian systems, where the process and

measurement models take the form

&k = Ap—1&k—1 + Byry + €, (3.8a)
Vi = D&k + k. (3.8b)

In this case, the posterior distribution is exactly Gaussian, and the MAP estimate coincides with
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the posterior mean. Moreover, the posterior mean and covariance can be computed efficiently using
sparse linear algebra methods such as the Cholesky smoother and other batch solvers [1]. This
observation motivates a central theme of this thesis: while nonlinear systems generally require
iterative approximate inference, systems with linear-Gaussian structure admit efficient and scalable
estimation algorithms. This motivates the use of Koopman operator theory, which seeks lifted

representations in which nonlinear systems admit approximately linear structure.

3.2 Koopman Lifting for Dynamical Systems

In this section, we briefly review Koopman lifting [6] for dynamical systems and its use in learning
finite-dimensional linear representations of nonlinear systems. We begin with the canonical definition
of the Koopman operator before introducing practical finite-dimensional approximations and their

associated challenges. For comprehensive treatments of the Koopman operator, see [67, 7].

3.2.1 Koopman Operator Theory

Koopman lifting has been driven largely by its historical use in modeling dynamical systems [11,
76]. The goal is to represent nonlinear dynamics as a linear evolution in a higher-dimensional space.

Consider a noiseless discrete-time autonomous (i.e., no inputs) system,

&k = £(&k—1). (3.9)

The Koopman operator, /K, is canonically defined as an operator acting on scalar-valued lifting

functions, pe(-), according to

(Kpe)(€) = pe(f(€))- (3.10)

These lifting functions are termed observables in the Koopman literature!, and they can be thought
of as features that extract relevant information from the original state. Importantly, the Koopman
operator is linear on the space of observables, denoted F. That is, for any observables pg 1,pg 2 € F

and scalars a,b € R,
K (ap,571 + bpg,g) = allpe,1 + bKp¢ 2. (3.11)

Thus, the Koopman framework shifts nonlinear state evolution into the space of observables, where
the dynamics are governed by a linear operator.

Note that the Koopman operator is generally infinite-dimensional. As such, one typically con-
structs finite-dimensional approximations using a selected collection of observables stacked into a

vector-valued lifting function (i.e., embedding),

T

ps(E)Z[pg,l(E) - pen()] - (3.12)

We define the lifted state as the stacked observables, x; = pg(€;). Then, we have from (3.9) and

1Not to be confused with the concept of observability in control theory.
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(3.10) that

e (€r) (ICpg,1)(€k—1)
= : = x; = (Kpe)(€r-1)- (3.13)

Pe.n(Ek) (Kpe.n)(Er-1)

For certain choices of observables in (3.12), the span of the observables may be closed under the
Koopman operator. In that case, the observables span a Koopman-invariant subspace, and the
Koopman operator admits a finite-dimensional matrix representation, A. The lifted dynamics in

(3.13) can then be written in the familiar linear form:
X = Akal. (314)

As a practical example from [77], suppose that a 2-dimensional system is governed by the nonlinear

&1k _ E1k—1 _ A& k-1 ’ (3.15)
&k & k-1 péa -1+ (N = p)&f

for some parameters A and p. In this case, the nonlinear system can be exactly transformed into a
T

&
linear system with the lifting function pg (&) = {51,1@ b & k} = [wlvk Top Tai| ,yielding

dynamics

X1,k A0 0 T1,k—1
Tok| = [0 p N —p| [zop_1]- (3.16)
X3k 0 0 )\2 T3 k—1

3.2.2 Learning Finite-Dimensional Koopman Models

In practice, exact finite-dimensional Koopman invariant subspaces are rare, particularly for noisy
real-world systems. As such, finite-dimensional Koopman representations are typically approximated
from data using methods such as EDMD [66, 67]. Although the methods developed later in this
thesis extend beyond the standard EDMD setting, they retain the same underlying perspective of
learning lifted linear models from data.

EDMD learns a best-fit linear operator that approximates the lifted dynamics in (3.14) from
trajectories of lifted observables. Suppose we are given a dataset of P state transitions, {£;, §i+ Y

where & transitions to &. We write the data in block-matrix form as

(1]

- = [5f 513}7 Eyp = [,Sir E;]‘ (3.17)

Applying the lifting function gives the lifted snapshots x; = pg(€;), x;7 = pe(&), which are

stacked as
X(i) = |:X1_ ‘e X]_D] R X(+) = |:X—1"_ I X;:| . (318)

Under the lifted linear dynamics model, the dataset satisfies X, =~ AX,_,. EDMD computes a
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least-squares estimate of A:

AT = argininHXH) - AXH”%W (3.19)

where ||| 7 is the Frobenius norm. This admits the closed-form solution A* = X<+)er,), where (-)f
represents the Moore—Penrose pseudoinverse. This can also be interpreted as maximum likelihood
estimation under additive Gaussian residuals. If desired, regularization or Bayesian priors may also
be incorporated to improve robustness and generalization.

Several challenges arise when applying Koopman lifting to real-world systems. Although finite-
dimensional Koopman approximations can be effective [77], their quality depends strongly on the
selected observables, which are often designed using domain knowledge or learned from data. More-
over, while Koopman lifting naturally extends to controlled systems [76], robotics problems addi-
tionally involve noisy processes and measurements. Existing Koopman identification methods such
as EDMD are primarily formulated as deterministic least-squares regression problems, which do not
explicitly model uncertainty or covariance structure. Incorporating stochastic process and measure-
ment models into the lifted representation therefore remains challenging, and there is comparatively
limited work on using Koopman methods for probabilistically consistent estimation in the presence of
noise, inputs, and measurements. These challenges motivate the developments in this thesis, where

we extend Koopman lifting to stochastic systems with noisy process and measurement models.
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Koopman-Inspired Filtering

Learn lifted sensing relationships

}

Chapter 4: Koopman-Inspired Filtering

Learn lifted measurement models for recursive state estimation

Figure 4.1: Conceptual progression for Chapter 4.

4.1 Summary of Contributions

This chapter introduces the Koopman-Inspired Learned Observations Extended Kalman Filter
(KILO-EKF), a filtering framework that incorporates data-driven measurement models into the
EKF. The method learns a lifted linear-Gaussian measurement model directly from data while

preserving compatibility with classical filtering algorithms on Lie groups. This chapter

e introduces the KILO-EKF framework for learning measurement models within a filtering ar-

chitecture,

e demonstrates that Koopman-inspired lifting can be integrated with Lie-group filtering while

preserving the recursive structure of the EKF, and

e empirically demonstrates improved localization performance over classical EKF baselines on

representative localization tasks.

Within the broader context of this thesis, this chapter represents the first step toward incorporating
data-driven modeling into robotic state estimation while preserving the structure required for efficient
filtering. Subsequent chapters extend this idea by learning both process and measurement models in
a batch estimation framework, and by addressing structural issues that arise in large-scale problems
such as SLAM.

14
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Associated publication: Z. C. Guo, J. R. Forbes, and T. D. Barfoot, KILO-EKF: Koopman-
inspired learned observations extended Kalman filter, Accepted to IEEE/RSJ International Confer-
ence on Intelligent Robots and Systems, 2026. arXiv: 2601.12463 [cs.R0].

4.2 Motivation

Recursive state estimation methods such as the EKF and its variants [24] are fundamental to many
robotic systems requiring real-time operation. These methods rely on accurate process and mea-
surement models to produce reliable state estimates and uncertainty representations [1, 22]. In
practice, however, deriving precise analytical measurement models is often difficult due to sensing
nonlinearities, calibration uncertainty, and environmental effects. For sensing modalities such as
ultra-wideband (UWB) [78] and radio-frequency identification (RFID) [79], collecting training data
may be significantly easier than constructing accurate analytical models and noise characteristics.
As a result, model mismatch can substantially degrade estimation performance or even lead to filter
divergence [22, 80].

These challenges motivate learning-based approaches that incorporate data-driven models into
classical estimation frameworks. Among these, the Koopman operator theory [6] is attractive because
it seeks to transform nonlinear relationships into simpler, approximately linear structure. Unlike
highly expressive end-to-end neural-network-based estimators, Koopman-inspired representations
can preserve structure useful for Gaussian inference while remaining computationally efficient for
recursive filtering. Prior work has applied Koopman operator theory to system identification [76,
8] and control [11, 13, 58]. However, applications to probabilistic state estimation remain relatively
limited, particularly for Lie-group states involving poses and orientations.

In this chapter, we introduce the KILO-EKF, which applies Koopman-inspired lifting to the
measurement model of a classical EKF. Rather than learning the full system dynamics, KILO-EKF
learns a lifted representation of the observation function while leaving the process model unchanged.
This preserves compatibility with recursive filtering and geometric state representations such as
Lie-group formulations used in inertial navigation. The resulting framework combines flexible data-
driven measurement modeling with the structure and computational efficiency of classical filtering.

This chapter is organized as follows. Section 4.3 reviews related work on Koopman-based mod-
eling and data-driven state estimation. Section 4.4 summarizes the standard EKF formulation on
SE5(3). Section 4.5 presents the general KILO-EKF framework, and Section 4.6 specializes the
framework to SE2(3). Section 4.7 experimentally validates KILO-EKF on a real-world dataset, and

Section 4.8 concludes the chapter.

4.3 Related Work

Recent work in learning-based state estimation has explored integrating data-driven models into
classical filtering frameworks. Neural-network-based methods, including differentiable filters [2],
learned filtering frameworks [5], and end-to-end odometry systems [3, 4], are often highly expressive
and can learn complex sensing relationships directly from data. However, these approaches typically
require substantial training data and computational resources while sacrificing structure useful for

probabilistic inference, making interpretability and integration with classical estimation frameworks
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Model learned from data

(" KILO-EKF: Compute
innovation with learned lifted
measurement model

Koopman-
inspired lifting

EKF predict
with process
model

Standard EKF: Compute
- innovation with analytical
measurement model

Figure 4.2: Overview of the proposed KILO-EKF: the standard EKF structure is retained, while the mea-
surement model is replaced with a Koopman-inspired, data-driven representation.

more challenging.

Another line of work uses kernels and Gaussian processes to learn nonlinear system and measure-
ment models for probabilistic inference [51, 52, 53]. Compared to neural-network-based methods,
these approaches are typically less expressive but provide more structured probabilistic represen-
tations and can naturally model uncertainty. However, they incur cubic training complexity and
require storing or approximating the training set at inference time, limiting real-time use without
significant approximations [55].

Koopman-inspired methods instead seek lifted representations in which nonlinear dynamics or
measurements admit simpler approximately linear structure. Existing Koopman-based estimation
approaches have primarily focused on constructing lifted system representations with the particular
structure required by a chosen estimator, including Koopman observer formulations for constrained
estimation and lifted Kalman-filter models based on spectral or kernel representations [14, 15, 16,
17]. These approaches have largely considered vector-space states and simplified estimation settings.
Although Koopman modeling has been explored on SO(3) [59] and SE(3) [60, 61], these works
primarily consider system modeling and control rather than probabilistic filtering on Lie groups.

Motivated by these gaps, this chapter develops a Koopman-inspired learned measurement model
within a classical EKF framework. The proposed approach preserves the structure and real-time
performance of Lie-group filtering while enabling flexible data-driven measurement representations

without requiring constrained lifted optimization.

4.4 Preliminaries

4.4.1 Standard Discrete-Time EKF on SE,(3)

In this section, we briefly summarize a standard formulation for discrete-time EKF on SE5(3) and
refer the reader to [81] for more details.

We begin with a general nonlinear system of the form,

& = £(&r—1, vk, €), (4.1a)
Ye = 8(&k, M) (4.1b)

where &), € RM¢ is the state, v, € RV the control input, wy € RY~ the process noise, v, € RN~ the
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measurement output, and 1, € R¥7 the measurement noise, all at timestep k.

Many robotic systems operating in three-dimensional space, such as aerial vehicles and legged
platforms, are equipped with an inertial measurement unit (IMU). From the bias-corrected IMU
readings, we construct the input vy, consisting of angular velocity wy and specific force a. These
interoceptive measurements, together with additional exteroceptive sensors, are commonly fused
using an EKF on the Lie group SEs(3). Accordingly, we define the EKF state as &, = {Tk, bg} €
SE5(3) x RS, where

Cr vi tg b
T,=|0 1 0| €SEx3), bp=| "| cR" (4.2)
0 0 1 bi

where Ci € SO(3) is the body-to-world rotation, v and tj are the velocity and position in the
world frame, and by is the IMU biases. We define the error state using a right perturbation on

SE5(3). Specifically, the true state & is related to a nominal state & by
Ty = TrExp(6¢k), bi = by + dby, (4.3)
where the 15-dimensional error state is
T T
&, = [54,? 5bﬂ . 0k = [50[ svy (St,ﬂ . (4.4)

Here, Exp(:) = exp((-)"), where (-)" denotes the mapping from R to the Lie algebra ses(3) [33].

The nominal state is propagated using a deterministic process model:
Tk = Tk_lEXp(Vk-Atk-) s Bk = Bk—l- (45)

The EKF assumes zero-mean Gaussian process and measurement noises: €; ~ N(0,Qy) and

M ~ N(0,R, ). Process noise is modeled through the linearized error-state dynamics,
66 =Fp_10&r_1 + Gi €. (4.6)

IMU noise enters through €, and the biases are modeled as a random walk.
The EKF maintains a Gaussian belief over the error state with covariance ¥j. During the
prediction step, the nominal state and covariance are propagated, where the covariance prediction

is given by

S =F 131 F] , +GrQr G/, (4.7)

yielding the prior {€;,%)}. Here, (-) and (A) denote prior and posterior quantities, respectively.
For the measurement update, we receive an exteroceptive measurement -y, related to the state
by the nonlinear measurement model in (3.1b). The model, g(-), is typically derived from sensor
geometry, calibration parameters, and prior knowledge of the environment. Using the predicted
state, £, the EKF computes the innovation r, = ~, — g(ék, 0), and linearizes the measurement

model with respect to the error state to obtain the Jacobian, Hy = ?Tz 5o See Appendix A.1
=0
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for details on the Jacobian derivation for SE5(3). Then, the Kalman gain and the correction are,

respectively,

K, = SkHE(HkSng + R%k)_l, 5ék = Kirg. (48)
N N “ T
Writing 0&;, = [5(; 5bﬂ , we update via
Tk = TkEXp((Sék), Bk = Bk + 5Bk, (49)

followed by the standard EKF covariance update to obtain 3.
Having established the standard EKF as our baseline, we next introduce the KILO-EKF, which
adopts a Koopman-inspired approach for learning measurement models while retaining the classical

prediction step.

4.5 The General KILO-EKF

In this section, we present KILO-EKF’s general framework for mapping nonlinear measurement
functions into a linear representation in a lifted feature space. The resulting formulation is agnostic
to the underlying state space and filtering architecture. We specialize this approach to SE5(3) in
the next section by defining appropriate lifting functions for the states.

By lifting measurement model (4.1b), system (4.1) can be represented as

&k = f(&k—1, vk, €), (4.10a)
Y = Dxy + ny, (4.10Db)

where for some nonlinear lifting functions pg(-) and p~(+), the lifted quantities are xj,n, € X and

Yir € YV, where

xp =pe(€); Yr =P~y(W), np~N(0,R). (4.11)

Throughout this chapter and the rest of the thesis, we use Greek letters to denote quantities in the
original, unlifted space and Roman letters to denote quantities in the lifted space whenever possible.
For example, & denotes the original state while x denotes its lifted representation.

Through this representation, we treated the lifted measurement model as linear Gaussian. While
this is approximate, the aggregation of multiple error sources in high-dimensional feature spaces
can often be reasonably approximated as Gaussian under the Central Limit Theorem [82]. More-
over, a linear-Gaussian formulation yields a tractable measurement update and is consistent with
the assumptions underlying the EKF. This modeling choice also serves as the basis for the batch
estimation frameworks developed in later chapters.

In general, lifting the measurements through y, = p~(7x) is optional, as sufficiently expressive
state liftings can capture nonlinear measurement relationships. However, appropriate measurement
liftings can simplify the learned model and improve numerical conditioning in practice. See Sec-

tion 4.7.3 for an example. For now, we turn to learning the lifted model parameters from data.
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4.5.1 Learning the Lifted Measurement Model

Our objective is to learn D and R in (4.10) and (4.11) from groundtruth data. Suppose we have

a dataset consisting of P states and measurements: {&;,v;}Z ;. We write the original data in

block-matrix form:

==fe o &), T=|n o ] (412

The data translates to {x;, yi}le in the lifted space such that we have y; = Dx; + n; for some
unknown noise, n; ~ A (0,R). Then, we can write the lifted matrix form for the measurement
model as Y = DX + N, where

X =[x, - XP}, Y:{yl yP}7 N:{nl np}. (4.13)

We now formulate a loss function for learning the system matrices from data. Rather than
EDMD-based formulations involving spectral decompositions [66], we adopt a Tikhonov-regularized
approach that admits a closed-form solution. Specifically, we cast the learning problem as MAP

estimation with conjugate priors’ on D and R. The resulting optimization problem is

{D*,R*} = argmin V(D, R), (4.14)
{D,R}

where the loss function is V = V; + V5 with

1 1
i =§|\Y—DXH§H + 5P [R], (4.15a)

1 1
Vo =3 Prp ID|1Z s + 5Pn tr(R™1). (4.15b)

The norm is a weighted Frobenius matrix norm:

X[y = 1/tr (XTWX). (4.16)

Here, V1 corresponds to the negative log-likelihood of the data under Gaussian noise, ignoring the
normalizing constant. V5 imposes priors on the model parameters: a Tikhonov prior on D to
encourage a lower-complexity measurement model, and an (isotropic) inverse-Wishart (IW) prior on
R. IW priors regularize covariance estimation, helping avoid overfitting and degenerate estimates
when training data are limited [83]. We tune the regularizing hyperparameters, 7p and 7g, from
data using cross-validation.

We find the critical points by setting g% and % to zero, yielding

D = (YXT)(XXT + Prp1)~*, (4.17a)

1
R =5(Y -DX)(Y - DX)T + 7pDD7T + 741, (4.17D)

where 1 represents the identity operator for the appropriate domains. This procedure is one shot

1A conjugate prior is a prior chosen such that, after combining it with the likelihood, the posterior remains in
the same distribution family. Here, the priors on D and R preserve a closed-form, regularized regression-style MAP
solution for the learned system matrices.
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and linear in the amount of training data, P, for both computation and storage.

4.5.2 Inference

After learning the lifted measurement model parameters D and R, we use them for state estimation
within an EKF framework. In this setting, inference proceeds by computing the measurement
Jacobian with respect to the original state. Using the lifted measurement model, this Jacobian can

be written using the chain rule as

_ Ody

a&pg
= —= =D—
do€

= 4.18
oo 00E 19

k

55:0.

This expression is straightforward to compute, as the lifting function pg(-) is chosen a priori and
is differentiable by construction. With this Jacobian, the EKF measurement update follows the
standard formulation using the learned covariance R and leaving the prediction step unchanged?.
With multiple sensors, we learn a separate lifted measurement model for each sensor, then apply
the corresponding measurement updates sequentially, as in standard multi-sensor EKFs.

A convenient and widely used choice for the lifting function is to include the original state itself.

Specifically, the state, &, is concatenated with nonlinear features, pg (), as

pe(r) = [¢ pet€)T] (119)

This structure introduces only a modest increase in dimension, while enabling direct recovery of the
original state.

In KILO-EKF, the goal is to directly estimate the original state &;. As we will see in later
chapters, this inference procedure differs from lifted batch formulations, where the optimization
variable is the full lifted state xj. In those settings, performance can be improved by enforcing
consistency between the lifted and original representations through explicit constraints, discussed
in detail in Section 6.6.5. In KILO-EKF, however, this consistency is automatically satisfied since
the lifted representation is constructed directly from & only for the measurement. This avoids
constrained optimization at inference time while preserving the standard EKF structure required

for real-time operation.

4.6 KILO-EKF in SE,(3)

Having established the general framework of KILO-EKF, we now specialize to SEo(3). We first define
suitable lifting functions for the state, followed by the computation of the measurement Jacobian
required for the EKF update.

4.6.1 Lifting Functions

In the following, we make explicit the construction of the lifting function pg(-). From Section 4.4.1,
our state is & = {Tk, by}, as defined in (4.2). To apply Euclidean feature maps, we introduce sy,

2The proposed measurement-learning component is independent of the specific filtering formulation and can be
integrated within alternative variants, such as the invariant EKF'.



CHAPTER 4. KOOPMAN-INSPIRED FILTERING 21

a vector representation of our EKF state via a mapping q(-) : SE2(3) x RS — R, where
T
sc=a(€) = |vee(Co)T ¢ v bl bl| (4.20)

where vec(-) denotes column-wise vectorization. We then define the lifting function pe(-) as a
function of sj.

For lifting functions, we use random Fourier features (RFFs), specifically squared-exponential
random Fourier features (SERFFs) [84]. These lifting functions map vector-space inputs to a finite-

dimensional set of sinusoidal features. Given an input s, the SERFF mapping is defined as

Z(s)=[ﬁzwl(sf ﬁsz(s)TT, Zw, (S) = [V2cos(w, s) \/isin(sz)f, (4.21)

where the frequency vectors are drawn independently as zo; ~ N (0, W /k;). Here, W is a typically
diagonal weighting matrix that controls the relative importance of each input dimension, and k, is
a length-scale parameter. Both hyperparameters can be selected a priori or tuned from data.

SERFFs are commonly used as lifting functions in Koopman-based methods due to their strong
empirical performance [63]. In this chapter, their effectiveness is reflected in the performance of
the learned models. In the next chapter, we develop a broader theoretical perspective on RFFs,
including their connection to approximations of rich function classes. This perspective will show
that selecting the number of RFFs provides a principled trade-off between approximation accuracy
and computational cost. As we will see, SERFFs, and RFFs more generally, play important roles in
Koopman-inspired batch estimation methods as well.

The proposed lifting framework can be applied directly without modification by defining p¢(s) =
z(s) from (4.21). In many practical scenarios, however, some prior knowledge of the system is
available. In such cases, it is beneficial to incorporate this knowledge by constructing handcrafted
features inspired by known measurement models. Although SERFFs alone provide a fully data-
driven lifting, incorporating known structure can achieve comparable accuracy with substantially
fewer random features and hence a lower-dimensional learned model. See Section 4.7 for an example.
It is also often advantageous to restrict the lifting to a subset of the original state variables. For
example, if the measurement is known to depend only on the pose, we modify (4.20) to retain only

the corresponding components and discard the remaining state variables:
T
s, = [vec(Ck)—r tﬂ : (4.22)

This reduces the dimensionality of the input to the lifting function and, consequently, the number

of lifted features required. The resulting lifting function is then defined as

pe(sh) = [st7 hisp) a(s)T] (1.2

where h(-) is a handcrafted feature function. This design enables flexible incorporation of domain

knowledge while preserving the generality of the KILO-EKF framework.
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Algorithm 1: Koopman-Inspired Learned Observations EKF (KILO-EKF)

Training:

Input: Training data {&;,~;}1; lifting functions {pe(-), p~(*)} (e.g., SERFFs (4.21));
algorithm hyperparameters {\p, Ar}.

1. Stack training data {&;,~;}Z , into their block-matrix form, {Z,T'}, with (4.12).
2. Embed {E,T'} using the lifting functions {pe(-), p~(-)}, yielding {X,Y} defined in (4.13).
3. Solve for model matrices {C, R} using (4.17).

Output: Measurement model matrices: {C,R}.

Inference:

Input: Previous state belief mean and covariance {€x_1,3;_1}; input v; received
measurement .

1. State prediction: Appvly the standard EKF prediction step with input v to obtain the
predicted belief {&x, Xx}. For SE5(3), this procedure is summarized in Section 4.4.1.

2. Lifted measurement prediction: Construct the lifted state X, = pg (€1). Predict the lifted
measurement as yr = CXg.

3. Linearization: Embed the received measurement as y; = p~(7x), compute the innovation
er = ¥Yr — Yk, and compute the measurement Jacobian Hy, using (4.18).

4. Correction: Apply the standard EKF update using e and Hy to obtain the updated belief

Output: Updated state belief mean and covariance: {fk, ﬁ]k}

4.6.2 Measurement Jacobian

Using the lifted measurement model, the EKF measurement Jacobian follows directly from the
chain rule as in (4.18). The geometric aspects of the SE(3) linearization are identical to those of a
conventional EKF and are summarized in Appendix A.1. For the SERFF lifting functions defined

in (4.21), the required derivatives are available in closed form:

(2

02w, | —V2sin(w/s)
s | V2cos(ws)

(2

] w; . (4.24)

Then, we would follow the standard EKF update. See Algorithm 1 for a summary of the training
and testing procedures of KILO-EKF.

4.7 Experiments

4.7.1 Problem Setup

We validate the proposed KILO-EKF on a real-world 3D localization dataset named MILUV [81]. A

quadrotor operates in a 3m X 3m X 2m indoor environment, with an onboard IMU providing linear
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UWB Downward- |
tag 1 facing laser

tag 2

Figure 4.3: System overview of the quadrotor platform [81] used to evaluate KILO-EKF, which learns data-
driven measurement models for UWB ranging and laser height sensing.

acceleration and angular velocity measurements. For exteroceptive sensing, the quadrotor carries
two ultra-wideband (UWB) tags and receives range measurements from six fixed UWB anchors. In
addition, a downward-facing laser provides measurements of the vertical height. See Fig. 4.3 for a
visualization. The localization objective is to estimate the quadrotor’s pose trajectory using IMU,
UWRB, and laser measurements. Groundtruth poses are obtained from a motion-capture system and

are used for supervised learning and evaluation under a cross-validation protocol.

4.7.2 EKF Baselines

Our baseline estimators are standard SE2(3) EKFs based on the open-source implementations re-
leased with the MILUV dataset [81]. For timestamp k, UWB tag i, and anchor j, the analytical

UWB range measurement model is

Yigk = 9i.5(&k) = [Irej — th — Crroill + 1.k, (4.25)

where ry ; denotes the position of anchor j expressed in the world frame, r;; denotes the position
of UWB tag 7 expressed in the vehicle frame, and 7; ;1 is zero-mean measurement noise.
In addition to UWB range measurements, we have a downward-facing laser that measures the

vertical height. The analytical laser measurement model is

Yok = 90(&k) =tk + N0 ks (4.26)

where t, ;, denotes the z-component of the position ti, and 1 j is zero-mean measurement noise.
To evaluate the proposed method across different calibration scenarios, we compare against three
baseline EKF variants. These baselines differ in how the UWB calibration parameters, namely the
anchor positions ry ; and tag offsets ry ; in the UWB measurement model (4.25), are obtained. Our
baselines are designed to reflect common practical use cases, ranging from nominal computer-aided

design (CAD)-based calibration to imperfect or data-driven calibration. The three baselines are:

e CAD-EKEF: Anchor positions ry ; and tag offsets ry ; are taken directly from CAD measure-

ments.

e MisCAD-EKF: Tag offsets are taken from CAD measurements and perturbed by a 1° rotation

to simulate mild calibration errors.
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(d) Fold 4 (e) Fold 5

| B Groundtruth B KILO-EKEF (ours) B CAD-EKF [ | DataCal—EKF|

Figure 4.4: Trajectory estimates for the five cross-validation folds, illustrating the diversity of path geome-
tries used in evaluation. Qualitatively, although not always visually pronounced, the proposed KILO-EKF
generally tracks the groundtruth more closely than the two baselines.

Fold | Time [s] | Measurements Name in MILUV [81]
1 146.1 14342 default 1 circular2D 0
2 135.2 13568 default 1 circular3D 0
3 205.2 20700 default 1 random3_0
4 195.1 19512 default 1 _remoteControlLowPace_ 0
5 227.0 22534 default_1_remoteControlLowPace_ 0_v2

Table 4.1: Dataset splits for cross-validation of KILO-EKF against model-based baselines.

e DataCal-EKF': Anchor positions and tag offsets are initialized using CAD measurements,
then subsequently refined by solving a nonlinear least-squares calibration problem with

Levenberg-Marquardt optimization on training data.

For fairness, the calibration parameters in DataCal-EKF are optimized using the same training data
as KILO-EKF.

4.7.3 KILO-EKF Implementation

The proposed KILO-EKF shares the same process model, IMU preprocessing, and state propagation
as the baseline EKFs described in Section 4.7.2. This ensures a controlled comparison, as all methods
differ only in their treatment of the measurement model. The key distinction of the KILO-EKF lies
in replacing the analytical measurement models with lifted linear-Gaussian representations learned
from data.

Inspired by the structure of the UWB range model (4.25), we restrict the measurement depen-
dence to the pose variables by defining a reduced state as in (4.22). Based on this reduced state, we

construct a set of handcrafted features,

.
h(sp) = |1 vec(Ck)" Cltr t]ty| . (4.27)
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Figure 4.5: Violin plots of per-timestep position errors, orientation errors, and Mahalanobis distances across
the five cross-validation folds. Each point corresponds to a single time step. KILO-EKF consistently achieves
comparable or lower errors than the baseline methods across all folds, and exhibits Mahalanobis distances
closer to 1, indicating more consistent covariance estimates.

which encode simple geometric relationships commonly used in range-based localization. These
handcrafted features are augmented with SERFFs for modeling the residual nonlinearities, forming
the full lifted state via (4.23).

In addition to lifting the state, we also lift measurements as defined in (4.11). Specifically, for
UWB ranges, we use squared ranges as the lifted measurements: y; jx = py(vijk) = 77,5 This
avoids the square-root nonlinearity in (4.25), reducing the complexity of the learned model and the
number of features required to capture the measurement relationship.

Because each UWB range measurement depends on a specific anchor position and tag offset, we
learn separate lifted measurement models for each anchor-tag pair. This results in 6 x 2 =12 UWB

measurement models, along with an additional model for the laser height measurement.

4.7.4 FEvaluation Method

We evaluate the proposed KILO-EKF against the three baseline EKF variants. Performance is
assessed in terms of position and orientation accuracy and consistency. For quantitative compar-

ison, we report the per-timestep root-mean-square errors (RMSEs) and normalized Mahalanobis
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Figure 4.6: Per-axis position and orientation error time series for Fold 2. The shaded region indicates the
30 covariance envelope. KILO-EKF exhibits lower errors and more consistent covariance estimates, while
the baseline methods show larger errors that frequently exceed the predicted covariance bounds.

distances [85]. This distance is equivalent to the square root of the normalized estimation error
squared (NEES) and is computed with

di =/ (0€) TS (081) /N, (4.28)

where 0&, is the estimation error with respect to the groundtruth, 3, is the estimated covariance,
and N is the state dimension. Lower RMSE indicates higher accuracy in the mean estimates, while
Mahalanobis distances close to 1 reflect statistically consistent covariance estimates.

Evaluation is performed using a five-fold cross-validation protocol, where one sequence is held
out for testing and the remaining four are used for training. The evaluation folds are listed in
Table 4.1, and visualizations of the trajectories are shown in Fig. 4.4. To increase the diversity of
training data, we additionally include seven sequences exclusively for training®. These sequences
are excluded from testing because their high speeds and frequent directional changes place them
outside the evaluation regime considered in this work; both KILO-EKF and the baseline EKFs incur

3Training-only datasets from MILUV [81]: cir_1_circular2D_0, cir_3_random3_0, default_ 3 random_ 0, de-
fault 3 random_ 0b, default 3 movingTriangle_ 0b, default 3 random?2_0, default 3 zigzag 0.
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Figure 4.7: Two ablation studies. Left: KILO-EKF RMSE versus the number of SERFFs, using the full
training dataset. Right: KILO-EKF RMSE versus the percentage of training samples, with the number of
SERFFs fixed at 100. Each dot denotes the average RMSE across all folds. In both studies, increasing the
number of SERFFs or the amount of training data consistently reduces error. KILO-EKF outperforms both
baseline methods when using 100 SERFFs or the full dataset.

very large estimation errors on these trajectories. Robustness to such challenging motions and other

adverse sensing conditions, such as non-line-of-sight (NLOS) measurements, is left for future work.

4.7.5 Results

We compare the proposed KILO-EKF against the three baseline EKF variants using the evaluation
metrics described above across the five folds. The distribution of errors and Mahalanobis distances is
summarized in Fig. 4.5, and the error plots for Fold 2 are shown in Fig. 4.6. Overall, CAD-EKF and
MisCAD-EKF exhibit larger errors and poorer consistency than the two data-calibrated approaches,
highlighting the sensitivity of analytical measurement models to calibration accuracy. In particular,
MisCAD-EKF demonstrates that even mild perturbations in the assumed tag or anchor geometry
lead to noticeable performance degradation.

Comparing the two data-driven approaches, KILO-EKF achieves performance that is consistently
comparable to, and in many cases better than, DataCal-EKF across all metrics. While both methods
reduce the impact of miscalibration, DataCal-EKF remains constrained by the parametric structure
of the analytical measurement model. In contrast, KILO-EKF learns a functional representation
of the measurement model, allowing it to capture additional nonlinearities and systematic effects
beyond geometric calibration alone. Depending on the fold and metric, this manifests as lower posi-
tion error, improved orientation accuracy, or more consistent covariance estimates, while remaining

competitive in the remaining dimensions.
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Figure 4.9: Training time versus the percentage of training data. KILO-EKF, which trains in a single pass,
scales more favorably than DataCal-EKF, which relies on nonlinear least-squares calibration. As a result,
KILO-EKF fits the full dataset (about 200,000 measurements from roughly 30 minutes of data) in under
one second.

To further examine these trends, we conduct two ablation studies. First, Fig. 4.7a shows the
impact of varying the number of SERFFs on the average RMSEs of trajectories. When no random
features are used, the model relies solely on handcrafted structure and exhibits limited accuracy. As
the number of SERFFs increases, the error consistently decreases, and at 100 features, KILO-EKF
outperforms both baseline methods. This verifies that capturing additional nonlinearities beyond
what is encoded by the analytical model and handcrafted features alone is essential for this problem.
Second, Fig. 4.7b evaluates the effect of training data size. Increasing the amount of training data
steadily improves performance, and with the full 30-minute dataset, KILO-EKF surpasses both
baseline methods, highlighting the importance of data diversity for learning accurate models. In
both cases, improvements exhibit diminishing returns, suggesting a graceful trade-off between model
complexity, data volume, and accuracy.

Finally, we evaluate computational efficiency. The experiments are CPU-based implementations
run on an Intel Core i7-9750H Processor. As shown in Fig. 4.8, KILO-EKF maintains real-time
inference performance even with a large number of SERFFs, with runtimes comparable to the baseline
EKFs. More notably, Fig. 4.9 demonstrates that KILO-EKF scales favorably in training, fitting the
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full dataset in under one second due to its closed-form, least-squares-like formulation. This contrasts
with DataCal-EKF, which relies on iterative nonlinear optimization and incurs significantly higher
computational cost. Although DataCal-EKF converges reliably in our experiments, such nonlinear
calibration procedures can also be susceptible to local minima in more complex settings. In contrast,

KILO-EKF requires no initialization points and admits a one-shot solution for training.

4.8 Conclusion

We have presented KILO-EKF, a Koopman-inspired extension of the EKF in which the measurement
model is learned from data using a linear representation in a lifted feature space. By retaining
the standard process model and modifying only the measurement update, KILO-EKF naturally
supports Lie-group state spaces such as SE5(3). At the same time, it preserves the structure and
efficiency of classical filtering while enabling flexible, data-driven modeling of sensor behavior. We
have validated our approach on a real-world quadrotor dataset against multiple EKF baselines. The
results demonstrate the effectiveness of learned measurement models and the efficiency of the lifted
linear formulation, while maintaining real-time performance.

Possible extensions of this formulation include structured feature selection methods such as sparse
identification of nonlinear dynamics (SINDy) [68, 77] and online adaptation of the learned measure-
ment model. As well, the present KILO-EKF formulation targets low-dimensional ranging observa-
tions; extension to visual or dense LiDAR via feature-level representations is left for future work.
Within the context of this thesis, however, the more immediate next step is to broaden the role of
lifting in estimation itself. This chapter establishes the first central idea of the thesis: data-driven
Koopman-inspired lifting can be integrated into classical Gaussian inference without sacrificing geo-
metric structure. The next chapter builds on this idea by extending lifting beyond the measurement
model and beyond recursive filtering, enabling data-driven batch state estimation where both process

and measurement models are learned.
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Chapter 4: Koopman-Inspired Filtering

Learn lifted measurement models for recursive state estimation

Extend lifting to system dynamics

Chapter 5: Koopman-Inspired Smoothing

Learn lifted process and measurement models for batch estimation

Figure 5.1: Conceptual progression from Chapter 4 to Chapter 5.

5.1 Summary of Contributions

This chapter extends the Koopman-inspired lifting framework of Chapter 4 from learning only mea-
surement models to learning both process and measurement models, allowing nonlinear state estima-
tion problems to be formulated using structured linear-Gaussian inference. It also provides a broader
perspective on lifting, connecting Koopman-inspired representations to kernel-based embeddings and

their finite-dimensional approximations. This chapter

e introduces a Koopman-inspired framework for learning lifted process and measurement models

directly from data,

e shows how the resulting learned models can be incorporated into a lifted structured state

estimation formulation with tractable mean and covariance recovery,

e empirically demonstrates the effectiveness of the approach on systems with complex dynamics

and sensing relationships, and

e connects Koopman-inspired lifting to kernel embeddings, providing a theoretical basis for using

RFF-based lifted representations to approximate rich function classes.

30
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Within the broader context of this thesis, this chapter generalizes the use of data-driven lifting from
sensing alone to full system-level estimation, providing the foundation for the localization and SLAM

methods developed in the following chapter.

Associated publication: Z. C. Guo, V. Korotkine, J. R. Forbes, and T. D. Barfoot, “Koopman
linearization for data-driven batch state estimation of control-affine systems,” IFEE Robotics and
Automation Letters, vol. 7, no. 2, pp. 866-873, 2022. por: 10.1109/LRA.2021.3133587.

5.2 Motivation

In Chapter 4, we showed how data-driven lifting can be used to learn expressive measurement
models while preserving compatibility with classical recursive estimation. However, in many robotic
systems, estimation accuracy depends just as strongly on the process model, which is often difficult to
derive accurately from first principles. Real-world dynamics may be nonlinear, partially unknown,
or difficult to calibrate, and mismatch in the process model can significantly degrade estimation
performance [22].

This challenge is particularly important in batch state estimation, where the entire trajectory is
estimated jointly, with states coupled through the process model and all measurements incorporated
simultaneously [1]. For linear-Gaussian systems, both system identification and inference can be
performed efficiently within a common model class [1]. For nonlinear systems, however, both model
learning and estimation typically require problem-specific parameterizations and iterative inference
procedures [86], limiting scalability and generality.

Data-driven approaches offer a potential alternative. Neural network-based methods, such as
differentiable filters [2], are highly expressive but often sacrifice structure, making it difficult to retain
properties such as consistent uncertainty or efficient inference. Another class of approaches represents
nonlinear systems in higher-dimensional spaces, either through Koopman-inspired lifting or kernel-
based embeddings in a reproducing kernel Hilbert space (RKHS). However, existing Koopman-based
approaches for modeling system dynamics typically rely on problem-specific basis functions and often
assume linear lifted dynamics, whereas many robotic systems are control-affine and admit bilinear
lifted representations [13]. Moreover, prior to this work, there were no data-driven methods that cast
nonlinear state estimation into a clean batch framework with tractable mean and covariance recovery,
limiting their applicability in robotics. Kernel-based approaches, on the other hand, are capable of
representing a broad class of nonlinear functions. However, they suffer from poor scalability and are
therefore less commonly used in practice.

In this chapter, we extend the Koopman-inspired lifting framework to learn both process and
measurement models from data. The resulting Koopman State Estimator (KoopSE) approximately
recasts nonlinear state estimation as linear-Gaussian inference in a lifted space, preserving much of
the structure and efficiency of classical estimation while substantially expanding modeling flexibility.

In particular, this formulation

e is applicable to control-affine systems with little prior knowledge of the process and measure-

ment models,

e formulates the problem as a high-dimensional batch linear state estimation framework, which

admits solutions for state means and covariances, and
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Figure 5.2: Left: KoopSE concept flowchart. KoopSE uses training data to learn a high-dimensional system,
allowing inference to be done by solving a linear state estimation problem. Right: Experimental setup for
validating KoopSE. A Husky robot drives around in an indoor environment while receiving range measure-
ments from ultra-wideband (UWB) anchors and logging wheel odometry.

e has a training cost that scales linearly with the amount of data and an inference cost that is

independent of the amount of training data.

During the derivation of KoopSE, we also establish a connection between Koopman-inspired lift-
ing and kernel embeddings, providing a theoretical basis for the use of RFFs to approximate rich
function classes. This connection yields a practical mechanism for controlling the trade-off between
approximation accuracy and computational cost through the number of random features.

This chapter is structured as follows. After reviewing related work in Section 5.3, we summarize
theories for kernel embeddings in Section 5.4. We derive KoopSE through Sections 5.5-5.7, then
apply the RFF approximation in Section 5.8. We present experimental results in Sections 5.9 and

conclude in Section 5.10.

5.3 Related Work

Methods involving kernels and RKHSs are becoming increasingly common in machine learning and
robotics [46], enabling expressive nonparametric representations for nonlinear systems and proba-
bility distributions. Kernel mean embeddings allow probability distributions to be represented as
elements of an RKHS, enabling probabilistic inference directly in lifted feature spaces [50]. These
ideas led to the development of methods such as the kernel Bayes filter [51] and smoother [52].
Other kernelized approaches, including Gaussian process (GP) regression [47], have also been ap-
plied to data-driven state estimation [53]. Compared to kernel embedding methods, GP-based
approaches are often more computationally efficient and naturally provide probabilistic uncertainty

estimates [47]. However, many GP formulations assume additive Gaussian noise models, perform-
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ing poorly compared to kernel embedding methods for systems with multimodal noise [56]. More
broadly, kernel-based methods typically scale poorly with the number of training samples, often
incurring cubic training complexity and requiring approximations or compression of the training set
for practical inference [55, 87]. In addition, extending kernel embedding methods to systems with
control inputs remains a challenge.

In contrast to kernel embedding methods, Koopman-inspired methods operate directly on finite-
dimensional lifted representations [6, 7]. Finite-dimensional system matrices can often be learned
efficiently using methods such as EDMD [66, 67], yielding inference procedures whose computational
cost is independent of the amount of training data at test time. However, many existing approaches
rely on observables tailored to specific systems or applications [59, 11]. One work has shown [13]
that deterministic control-affine systems can be represented exactly as lifted bilinear systems under
Koopman operators using generic feature families such as polynomial or Fourier observables. Al-
though that work did not consider measurement models or probabilistic inference, this equivalence
forms the basis of the KoopSE framework developed in this chapter.

RFFs [84] provide finite-dimensional approximations to kernel functions through randomized
spectral representations. They have been effective in robotics applications including occupancy
mapping [88] and dynamics learning [89]. Within the Koopman literature, however, RFFs are often
used heuristically as lifting functions without explicitly leveraging their underlying connection to
kernel embeddings [63]. This chapter develops that connection, combining the expressiveness of

kernel-based representations with the computational efficiency of Koopman-inspired lifted inference.

5.4 Preliminaries

5.4.1 Reproducing Kernel Hilbert Space (RKHS) Embeddings

To provide a broader perspective on lifting, we review the fundamentals of kernel embeddings and
RKHS. This viewpoint allows us to relate Koopman-inspired lifting to RKHS embeddings, which
provide a general framework for representing complex probability distributions.

We begin with the general nonlinear system,

&k = £(&k—1, vk, wi), (5.1a)
Vi = 8(&k> M), (5.1b)

where &, € RY¢ is the state, v, € RV~ the control input, wy € RN« the process noise, v, € RN~
the measurement output, and 1, € R the measurement noise, all at timestep k. Analogous to

Koopman lifting, we embed the states, inputs, and measurements into a higher-dimensional space,

xp = Pe(€r), W =Pu(Vk), Yr = P~(Wk) (5.2)

where pg : RV — X, p, : RV — U, and py : RY» — Y are (possibly infinite-dimensional) feature
maps. In this section, we consider the case where X, U, and ) are RKHSs [49, 90|, with p¢, p,
and p~ being feature maps associated with their respective kernels.

In contrast to RKHS embeddings, standard Koopman methods typically use explicit, finite-

dimensional lifting functions selected based on empirical performance [8]. By using the RKHS
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framework, however, we can embed entire distributions of random variables in the higher-dimensional

space. The distribution is embedded by the mean map [91],
. = E[xy]. (5.3)

So long as the kernel associated with X is characteristic [91], the mean map is injective, and thus
uniquely represents probability distributions over &;. This is a key advantage of RKHS embed-
dings: they enable distributions, rather than just expectations, to be represented in feature space.
While Koopman operators act linearly on observables, RKHS embeddings provide a complemen-
tary perspective in which distributions themselves can be embedded and manipulated using linear
structure.

Given a finite set of samples of a random variable £, the corresponding mean embedding can be
approximated empirically as p ~ Z?io my,iXi, where x; = pg(&;) and the weights my ; depend on

how the samples are obtained. This can be written compactly as

-
pr =~ Xmy, X:[xo XM}, mk:[mk,o mk,M] : (5.4)

Thus, the mean embedding lies in the span of the embedded samples.
A key property of this representation is that expectations of functions can be computed directly

from the weights. In particular, for any function h(-), we have

M
E[h(&R)] ~ > miih(&). (5.5)
1=0

For estimation, this property allows moments of the original random variable to be recovered directly
from computations in the feature space, without requiring an explicit inverse mapping from the
RKHS back to the original space. To recover the first moment (mean), we set h(-) to the identity

function:

M
Elgr] ~ Y mpi&i =Em;, E= & - &ul. (5.6)
i=0
To recover the second moment (covariance), we can define a centered covariance map [91] similarly

to the mean map as

Sie = E [(xr — pr) (xe — o) '], (5.7)

which can also represent any joint distribution over (&€, &,) provided the kernel associated with X
is characteristic. Given a finite set of samples from (&, &), we can approximate the covariance map
as Ty ~ XS, X T, where Sy, is a weight matrix that depends on how the samples were drawn.

To summarize, although RKHS embeddings are generally infinite-dimensional, they provide a
framework for representing and manipulating probability distributions in feature space, while al-
lowing quantities of interest to be recovered without explicitly inverting the embedding. The main
idea pursued in this chapter is to embed a control-affine system into such a feature space, where

it admits a bilinear representation. In Sections 5.5 and 5.6, we will proceed under the assump-
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tion that these embeddings can be accessed explicitly, even though p¢(-), Pu(.), and p4(-) may be
infinite-dimensional. We will later show in Section 5.8 how RFFs allow us to approximate these

infinite-dimensional embeddings in practice.

5.4.2 Lifting of Control-Affine Systems

In this section, we apply the RKHS embedding framework to control-affine systems, showing how
they can be lifted into a feature space where the dynamics admit a bilinear representation. We begin

with a control-affine system affected by process and measurement noise,

N,
&k = fo(k—1) + Z £i(&r—1)vk,i + wr, (5.8a)
i=1
Y = &(&k, M) (5.8b)
T
where &, € RVe, vy, = [z/kJ Vk’NV:| € RN, wy € RV, ~;, € RV, ;g € RM7 represents the

same quantities as in the general nonlinear system in (5.1), and f; are the various components of
the dynamic model. We look to lift this system into an RKHS. With a sufficiently rich feature map,
pe(+), a deterministic (i.e., wy = 0) control-affine motion model can be written exactly as a bilinear

model in a lifted space [13],
xr = Ax,_1+Bry + H (Vk X kal) R (59)

where ® represents the tensor product, equivalent to the Kronecker product if X is finite-dimensional.
In the deterministic case, a control-affine model involves products of nonlinear functions of the robot
state and the input, but not products that are nonlinear in both. Such a model can be written exactly
as a lifted bilinear model [13]. In our stochastic case, we have also extended the assumption made in
Chapter 4 from the measurement model to the full system, modeling also the process model noise as
approximately Gaussian. Although this is approximate, the aggregation of multiple noise sources in
high-dimensional feature spaces often leads to distributions that are well-approximated as Gaussian
under the Central Limit Theorem. This assumption provides a tractable framework for learning and
inference in the lifted space. The original equivalence by [13] used the unlifted control input, v, in
the lifted space, but we will use its lifted counterpart, uy, since the equivalence still holds if p,(-) is
sufficiently rich.

For the measurement model, we assume that the lifted model is linear in the deterministic case,

Vi = g€k, Mk = 0) = yr = Dxy, (5.10)

and we make a similar additive-Gaussian assumption for the measurement noise. The resulting

time-invariant stochastic bilinear system in the lifted space can be written as

xi = Axp_1 +Bug + H (ug @ xp—1) + Wy, (5.11a)
Vi = Dxp +ny, (5.11b)
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where wy, ~ N(0,Q) and nj ~ N(0,R) are the process and measurement noises, respectively, and

wWrEX, mEY, QEXXxX, ReYx), (5.12a)
A:X—X, BlU—X, HUSX X, D:X ). (5.12b)

This lifted system with a bilinear motion model and a linear measurement model is significantly
easier to work with than the general control-affine system in (5.8). However, since we assumed the
system model is not given in either form (original or lifted), we first need a method of learning the
lifted model from data.

5.5 System Identification

5.5.1 Lifted Matrix Form of Dataset

Our objective is to learn the lifted system matrices A, B, H,D, Q,R in (5.11) from data. This train-
ing procedure is similar to that in Section 4.5.1 of the previous chapter, with the added complexity
of also learning the process model. To this end, we assume a dataset of the control-affine system,
including the groundtruth state transitions with their associated control inputs and measurements
for P states: {€,&,v;,~vi}E . Here, & transitions to & under input v;, and receives a measure-
ment ~; at £i+ . This format allows for data from one or multiple training trajectories to be used at
once. If the dataset consists of a single trajectory of P+ 1 states and i represents the timestep, then

we would set & = &1 . In any case, we start by writing the data in block-matrix form:
T 1—1

[

o =& - E;}, E<+>:[€T Eﬁ}v F:[’Yl '7P:|7 T:{'h VP}-
(5.13)

The data translates to {x; ,x;",u;,y;}2 ; in the lifted space such that

x; =Ax; +Bu, +H (ui ® x;) + w;, (5.14a)
yi = Dx/ +n, (5.14b)

for some unknown noise, w; ~ N(0,Q), n; ~ AN(0,R). We rewrite the lifted versions of the data

and the noises in block-matrix form:

X = {Xf X§}> X = [XT xﬂ, Y = {Y1 YP}v (5.15a)

U=[w  wp], W=[w  wp|, N=[n - mp|. (5.15D)
The lifted matrix form of the system for this dataset is

X = AX(*) +BU+H (U © X(,)) +W, (5.16&)
Y =DX,+N, (5.16b)

where ® denotes the Khatri-Rao (column-wise) tensor product.
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5.5.2 Loss function

We aim to optimize for the system matrices from the data by designing and minimizing a loss
function. Similar to the procedure in Section 4.5.1 in the previous chapter, the model learning

problem is posed as

{A*,B*, H*,D*,Q*,R*} = argmin V(A,B,H,D,Q,R), (5.17)
{A,B,H,D,Q,R}

where the loss function is V = V; + V5 with

1 2
Vi=; X —AX, ~BU-HUoX.,))lq-
1 1 1
+ 511V - DX, |5 . — 5P [ 5P IR, (5.18a)
1 1 1
Va =5 P14 IAlG—: + S IBlG: + 3P [
1 1 1
+5PTp D + 5P tr(Q1) + S PR tr(R7Y). (5.18b)

Similar to (4.15), |||y is the weighted Frobenius norm (4.16), Vi corresponds to the negative log-
likelihood of the data under Gaussian noise, and V5 corresponds to the negative log-priors on the
model parameters. Here, the first four terms of V5 encourage the description length of A, B, H, and
D to be minimal while the last two are (isotropic) inverse-Wishart (IW) priors for the covariances
Q and R. The regularizing hyperparameters, 74,78, 7a,Tp, 7Q, Tr, are tuned according to data.

We find the critical points by setting derivatives of V' with respect to the model parameters (g—x,

g—]‘;, %7 g—]‘g, 6%‘11, and %) to zero. We define
V=UoX._, J=X, -AX_, —BU-HV. (5.19)

This yields the following expressions:

XX, + Pral X, 0" X VT AT XX,
UX/, UU" + Prpl UV’ BT| =| UX], |, (5.20a)
VX[ vu’ VVT 4 Pryl] [HT VX[,
D= (YX/, )X X[, +Prpl)!, (5.20b)
1
Q= FJJT +74AA"T +75BBT + 7yHH' + 701, (5.20c)
1
R = F(Y - DX,)(Y -DX,,)" +7pDD" + 751. (5.20d)

Thus, all matrices can be computed in closed form through a one-shot procedure: we first solve for
A, B, and H through solving a system of linear equations, then compute D, and then use these
results to compute Q and R. This procedure is linear in the amount of training data, P, for both

computation and storage.
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5.6 Batch Linear State Estimation

Having learned the system matrices from training data, we now wish to solve for a sequence of test
states, {&,}5_,, given a series of inputs, {v;}& |, and measurements, {v;}& ;. We do this in the
lifted space, where the quantities become {xj}< |, {u,}< |, and {y;}5_,, respectively. The main
insight is that since the inputs are completely determined at test time, we can manipulate the lifted

time-invariant bilinear form of (5.11) into a lifted time-varying linear form. We observe that

up @ Xp_1 = (uk ® l)xk—l, (5.21)
where here 1: X — X. The motion model for the test trajectory becomes, for k =1,..., K,
X = Axp_1+Buiy + H (uk (9 1) Xg—1 + Wg. (5.22)

As uy is given at test time, we define a new time-varying system matrix A;_; and input vi as
A, 1 =A+ H(llk & 1), vi = Buyg. (523)
With this, we have converted the bilinear system into a linear time-varying (LTV) system:

X = Ap_1Xp_1 + Vi + Wy, k=1,...,K, (524&)
vr = Dxj, + ng, k=0,...,K, (524]3)

where wj, ~ M (0, Q) and n ~ N(0,R). This is the well-established batch state-estimation problem

on linear-Gaussian systems [1]. The solution is in the form of
xp ~ N, Pr), k=0,... K. (5.25)

Here, x; and P are, respectively, the mean and covariance estimates for the test trajectory. There
are many efficient methods for solving (5.24), including the RT'S smoother and sparse Cholesky-based
solvers [1]. In the present localization setting, the RTS smoother is convenient due to the chain-
structured temporal dependencies. More general sparse solvers, such as Cholesky factorization, will

become particularly useful in the next chapter when considering SLAM.

5.7 Recovering Estimates from Lifted Space

In lifted representations, a key challenge is recovering estimates in the original state space. The
feature space may be implicit and potentially infinite-dimensional, making direct recovery infeasible.
In our Koopman-inspired formulations developed in Chapter 4 and later in Chapter 6, this issue is
addressed by explicitly including the original state within the lifted representation. While effective,
we show that the structure of RKHS embeddings provides an alternative mechanism for recovering
estimates without such explicit inclusion. In the next section, this recovery mechanism also plays a
role in establishing the connection between kernel-based and Koopman-inspired formulations.

We have solved for the state estimates and covariances in the RKHS, and now wish to recover

these quantities in the original space. By the Representer Theorem [92], the solution of the quadratic
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batch estimation problem associated with the LTV system in (5.24) lies in the span of the training
data used to form the system matrices. We can thus write the state and covariance outputs of each
timestep as

s ° » oy T

xXp = XXg, Pr=XPrXo,, (5.26)
where x}, € RP, P; < RP*P consist of the appropriate weights. Here, we use X4, as the spanning

basis, though one could equivalently parameterize the solution using X,_,. We solve for the weights

using the left pseudoinverse with a small hyperparameter 7,. to regularize the inversion of X<T+>X<+>5

xp (XX + 1) T X R, (5.27a)
P (X X+ )X PR X (X X )T (5.27h)

Now, by the properties of the mean map and the covariance map, these same weights can be used
to construct the mean states and covariances in the original space through the weighted linear

combination of training data,
Fo_ = ° = o=T
§=Exp, X =E4LPLE}, (5.28)

where &, ~ N(ék,ﬁ]k) is the state at timestep k. We can then solve for the state means and

covariances with

& =2 (XX + 1) X %y, (5.29a)
=B, (XX + )T X PuX (X X + ) TTEL. (5.29b)

We define
O =2, X, (XL, X +71)7 ", Og: X = Ne. (5.30)

While this expression is defined in the RKHS and may be infinite-dimensional, it admits a finite-
dimensional approximation in the next section, enabling efficient precomputation during training.
Using Sherman—Morrison-Woodbury (SMW) identities, (5.29) becomes

€, = Ogky,, 35, = 0:P,0/. (5.31)

Note that (5.31) assumes that the original states are within a vector space. The states could instead
contain angles or other quantities on a circular domain. In this case, ék should be a weighted average
of circular quantities Z,, with weights X1, (X;,X/,, +7,1)"! computed as usual, since the RKHS
embeddings are within a vector space, and a similar weighted average is done for X;. We still use

(5.31) but slightly modify the computation of Og. See Section 5.9 for an example.
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5.8 Approximate Embeddings with Random Fourier Features

So far, we have been working in the RKHS space and using the feature maps directly. For many
kernels, however, these RKHS feature maps are very high (potentially infinite) dimensional. As it
is often unclear how to truncate the feature maps directly to get reasonable approximations, we
look for another form of approximate embeddings for pe(-), p.(-), and p~(-) such that the solution
computed through the algorithm approaches that from the true embeddings.

We notice that all of the RKHS quantities computed in our procedure appear only to be involved
in the form of inner products, X "X, or outer products, XX . Although the inner product is closely
related to kernels, we look to avoid using only kernel evaluations for computation as this would
yield a cost of at least O(P?). Thus, we turn to RFFs [84] for deriving approximate embeddings.
Suppose we have two quantities, &; and &;, in some state space, an operator, pg(-), for lifting them
into RKHS embeddings, x; and x;, and the kernel function, x, associated with this RKHS. We can

use X(+), the RFF embedding corresponding to k, to approximate the kernel evaluation as

x; X; = pe(&) " Pe(&)) = K&, &) =~ %(&) (&) (5.32)

We see that as long as any RKHS quantities within an expression are involved in the form of
inner products within the same space (i.e., kernelized), we can swap the exact RKHS embeddings
with their RFF embeddings for a valid approximation. We can freely manipulate RKHS quantities
within kernelized expressions for efficient computation, and replacing the RKHS embeddings with

RFF embeddings still yields a valid approximation.

5.8.1 Sketch that KoopSE is Kernelized

Since we use RFFs as approximate embeddings for pe(-), po(-), and p4(-), our goal is to show that
KoopSE depends on the RKHS quantities only through kernelized operations, even if these forms
are not explicitly used for computation.

For training, the lifted training points are used to compute the bilinear system matrices in
(5.11). Using SMW identities, it can be shown that the analytical solution of (5.20) depends only
on kernelized quantities. Since X, and X, are both constructed from lifted training states
and typically span similar RKHS subspaces, we drop the distinction between them and use X for
notational simplicity in the remainder of this sketch. Then, the solutions can be written in the

generic kernelized form

A=XW, X", B=XW3U', H=XWgV', (5.33a)
D=YWpX', Q=XWgX"+791, R=YWRY' +15l, (5.33b)

where Wy, Wg, Wy, Wp, Wg, and Wk are kernelized matrices.
At test time, we assume that the initial condition, new control inputs, and new measurements

can be written as linear combinations of those seen in training:

ko = XWj;wo, (534&)
u,=Uw,;, k=1,...,K, (5.34b)
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Ye=Ywyi, k=0,..., K, (5.34c)

for weights Wz 0, Wy i, and wy .

Then, from (5.23), the time-varying quantities have the form

A1 =XW X', v =Xwyi,  k=0,... K, (5.35)

for some kernelized matrices W 4 ;, and wy, 4.
Now, the LTV system (5.24) is solved exactly by the RTS smoother [1]. It can then be shown
through induction on the forward and backward passes that the resulting state means and covariances

have the forms
Xy = XwWj i, Pr=XW; X" +¢1, (5.36)

for k=0,..., K, kernelized matrices w; g, W[D’k, and scalar cg.

Substituting these expressions into (5.29) shows that the recovered means and covariances in
the original space, ék and ik, also depend only on kernelized quantities. Therefore, from input to
output, KoopSE uses the RKHS quantities only through their kernelized forms.

For a more detailed sketch of the proof, see Appendix B.1.

5.8.2 Substituting with Random Fourier Features

As the algorithm is kernelized, we can approximate the kernel functions associated with embeddings
pe(-), Pu(+), and p(-) by directly swapping them with the respective finite-dimensional RFF em-
beddings on the original quantities. When P is large, this yields a much more efficient procedure
than using only kernel evaluations. We outline the procedure below, and we analyze the time and
memory complexity of the algorithm.

Let pe(r) : RYe — Rfte p, (1) : R — RP and p,(-) : R¥ — R represent the RFF
embedding for &, v, and ~, with R;, R,, R, being the respective ranks of the approximation. For
training, we replace the RKHS embeddings with their RFF counterparts, denoted by (f):

X7 X =Pe(€), X7 X =pe(€f), w1 =pPu(vi), yieFi=by(v), (5.37)
where i = 1,..., P. The embedded training data in block-matrix form have sizes
X, eREXP X e REXP Yy e REVP T U e REXF (5.38)
which are used to compute the now finite-dimensional system matrices of sizes

Ac RRIXRI’ Be RRIXRH’ He RRIX(RzRu)7 (5.39&)
D c REv*B: Q¢ RER=xFa R ¢ REvXRy, (5.39b)

through solving (5.20) with the embedded training data. Letting R = max(R;, Ry, Ry), this proce-
dure has a computational complexity of O(PR?) and a memory complexity of O(PR?), both scaling

only linearly with the number of training points.
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For notational simplicity, we drop the breve notation in what follows and treat all quantities as
their finite-dimensional approximations. For testing, we similarly replace the initial condition, &,
incoming control inputs, v, and incoming measurements, v, with their RFF embeddings, yielding
X0, Uy, and yi. We form Ay_; € REXFs and v, € R¥ using (5.23), then solve the LTV system
in (5.24) using a linear batch state estimator, yielding the state mean, X, and covariance, Pk, for
each timestep k = 0,..., K. With an RTS smoother or a similarly efficient estimator, this procedure
has computation complexity O(K R?) and memory complexity O(K R?). Note that if we require a
filter solution for online state estimation, we can do only the forward pass, which is also kernelized.
Finally, we convert the results back into state space using (5.31).

Due to kernelization, although the RFF-equivalents of the RKHS variables and model matrices
likely look very different, the results for {ék, ﬁ]k} converge to the true kernelized results as the ranks
of the approximations approach infinity. Note that O¢ can be precomputed during training. As
such, the overall computation and memory complexity of testing are still O(K R?) and O(K R?),
respectively, regardless of the amount of training data used. As mentioned before, the computation
of O¢ would need to be slightly modified if there were circular quantities in the original states. See
Algorithm 2 for a summary of the full algorithm.

In practice, we use SERFFs (4.21) as a general-purpose choice due to their strong empirical
performance and ability to approximate a broad class of smooth functions. Other kernels and
corresponding random feature constructions can be used to better capture problem-specific structure,
such as periodicity or non-smooth behavior. In our experiments in the next section, we will use

SERFFs for vector-space quantities and periodic kernels for angular components.

5.9 Experiments and Results

5.9.1 Problem Setup

KoopSE is evaluated on a control-affine system with a nonlinear measurement model in simulation,
then on an experimental dataset with a similar setup. The problem is estimating the positions
and headings of a wheeled robot driving in a 2D plane and receiving range measurements from five
ultra-wideband (UWB) sensors. For timestep k, the state, input, and measurement are, respectively,

T

§ = |&n Eyk 59,1@}T7 Vk:[uk wk} ; '7k:[7"k,1 Tk,5:|T, (5.40)

where (&, x,&y ) is the robot’s position, &gk is its orientation, uy is its linear velocity, wy is its
angular velocity, and rj ; is the range measurement from the robot to the jth UWB sensor. This
uses the common state estimation practice of using interoceptive measurements as inputs in the
process model [22]. This problem setup is identical to the 2D version of the setup in [1, S8.2].

For the state, we use a product of SERFFs for the robot’s position and RFFs for the periodic
kernel for its orientation. The formula for generating SERFFs is given in (4.21), and the formula
for the periodic RFFs can be found in [93]. The combined RFFs for the state is thus the Kronecker
product of the two RFF sets. For the input, we kept it as is since there were no improvements from
lifting it to higher dimensions, thereby using a linear kernel. We used SERFFs for the measurement.

Since orientation is on a circular domain, we take special care in computing the weighted average
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Algorithm 2: Koopman State Estimator (KoopSE)

Training:

Input: Training data {&;, &, v;, v} ;; lifting functions {pg(+), pu(+), Py (+)}; algorithm
hyperparameters {74, 75, TH, 7D, TQs TRs Ta: } -

1. Stack training data into their block-matrix form with (5.13), yielding {E,_,,E,, N,T}.
2. Embed {E,_,,E,,, N,T'} into their lifted form, yielding {X_,,X,,U,Y}.
3. Solve for model matrices {A, B, H,D, Q, R} using (5.20), and compute O¢ in (5.30).

Output: Process model matrices {A, B, H, Q}; measurement model matrices {C, R};
state recovery matrix {Og¢}.

Testing:
Input: Initial condition &y; control inputs {vi HE | ; measurements {yx } .
1. Embed {EO, {vidie , {vk} i} into their lifted form, yielding {Xo, {ur}—;, {yx}reo}-
2. Compute time-varying quantities {Ak_l,vk}fzo via (5.23).
3. Form LTV system in (5.24).

4. Solve for mean and covariance estimates, {Xp, f’k}fzo, with an efficient batch state
estimator (e.g., RTS smoother).

5. Convert {Xp, f’k}ffzo into the original space with (5.31), yielding {£j, f]k}szo.

Output: State means {ék}kKZO; covariances {34 }5 .

of states when recovering estimates via (5.31). We convert the orientations to their Cartesian form,
+ + + et + +4]7"
st=aeh) = e, &, cos(r) sinl)] (5.41)

then use S, = [sir e s;] instead of E,, in the computation of O¢. When computing £ and
flk at test time, we first compute their Cartesian-form equivalents: §; = OgXy, fls,k = ng’kOg,
giving us the Gaussian distribution of &, i, &y k., cos&p i, and sin&p ;. We then use the method of
[44] to estimate the distribution of &g given the Gaussians of cos &y and sin &g .

Similar to Section 4.7.4 in the previous chapter, we use per-timestep RMSE to evaluate accuracy
and the normalized Mahalanobis distance (given in (4.28)) to evaluate consistency. An accurate
estimator has an RMSE close to 0, and a consistent estimator has a Mahalanobis distance close to
1. We tune the RFF parameters and the regularizing hyperparameters for KoopSE accordingly for
these objectives. We compare KoopSE against a model-based Lie-group RTS smoother, obtained
by augmenting the Lie-group EKF [1, S8.2] with a backward smoothing pass. Its model covariances
are tuned with the same objectives, including increasing the measurement covariances for the two
noisy sensors. KoopSE is first verified in simulation, then validated on an experimental dataset of

the same setup. We present our results for the two scenarios below.
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Figure 5.3: Per-axis errors of five test trajectories in simulation for KoopSE (left) and for the model-based
extended RTS smoother (right). The solid lines represent the errors of the estimated trajectories, and
the dashed envelopes represent the estimated 30 bounds. Both errors are within the 30 bounds, but the
model-based smoother has larger errors than KoopSE, especially for y where we can see a small bias for the
model-based smoother.

KoopSE (ours) | Model-Based Smoother
Position RMSE [m] 0.026 0.053
Orientation RMSE |[rad] 0.026 0.034
Position Maha. Distance 0.915 1.104
Orientation Maha. Distance 0.777 0.548

Table 5.1: Average RMSE and Mahalanobis distances of KoopSE and the model-based extended RTS
smoother on 100 trajectories of 1000 timesteps in simulation. The Mahalanobis distances of both esti-
mators are fairly close to 1, signifying that both algorithms are properly tuned under the ideal simulation
environment. However, KoopSE has lower RMSE than the model-based smoother for both position and
orientation.

5.9.2 Simulation Setup

For the simulation, we add a 20 cm unmodeled bias to two out of the five sensors, resulting in a UWB
error profile similar to that observed experimentally in Section 5.9.3. Training data is generated by
the robot roughly following randomly generated trajectories in an enclosed area. One hundred
trajectories of 1000 timesteps are used for evaluation, and the combined results are presented in
Table 5.1. The error plots for five trajectories are shown in Fig. 5.3. In Fig. 5.4, we present the
results of testing KoopSE on the five trajectories using various numbers of RFFs and number of

training data points, in comparison to the model-based smoother.
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Figure 5.4: RMSE of KoopSE on test trajectories in simulation for various numbers of RFFs (left) and
training data points (right). The dotted line represents the RMSE of the model-based smoother for both
vertical axes (position and orientation). With only 128 RFFs and 20000 training points, the performance
of KoopSE has already surpassed that of the model-based smoother, achieving much lower position RMSE
and comparable orientation RMSE.

5.9.3 Experimental Setup

Experiments in a lab setting using a Clearpath Husky Unmanned Ground Vehicle (UGV) are used
to validate the proposed approach. A 30-minute dataset of the UGV driving in an indoor environ-
ment is collected. Groundtruth positions and orientations are collected using an OptiTrack motion
capture system. The wheel odometry consisting of forward velocity and yaw rate is calculated from
wheel encoders. We used five UWB anchors transmitting range measurements, with two of the
anchors obstructed with metal plates representing clutter in the environment, creating additional
measurement bias on the order of 30 cm. A picture of the Husky and the anchors is shown in Fig. 5.2.
To validate the generality of KoopSE, we run a 6-fold cross-validation, training on 25 minutes of
data and testing on a random 100-second section of the remainder. The error plots for each fold are
shown in Fig. 5.5. The RMSE and Mahalanobis distances for the folds are shown in Fig. 5.6.

5.10 Results and Discussion

The results highlight the benefits of the data-driven approach. Table 5.1 and Fig. 5.3 show that in
simulation, KoopSE has lower errors than the model-based extended RT'S smoother, which is ignorant
of the range biases, even though both methods are consistent. This shows that, despite having little

knowledge of the robot’s motion model, the UWB range measurement model, or the position of the
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Figure 5.5: Error plots of the 6 folds of the UWB experimental dataset for KoopSE (left) and the model-
based extended RTS smoother (right). The solid lines represent the errors of the estimated trajectories, and
the dashed envelopes represent the estimated 30 bounds. The errors of KoopSE are smaller and bounded
by the 30 bounds, while those of the model-based smoother are larger and often not bounded.

anchors, KoopSE outperforms the classical method when a small unmodeled measurement bias is
introduced. In fact, when the bias is removed, we found that KoopSE performed just as well as the
model-based smoother. In Fig. 5.4, the RMSE of KoopSE quickly decreases over the first 100 RFFs
and the first 10000 training points. KoopSE surpassed the classical smoother with only 128 RFFs
and 10000 training points (about 8 minutes), making it feasible for real-world applications.

The results on the experimental dataset validate our findings. As shown in Fig. 5.6, compared to
the model-based smoother, KoopSE has achieved lower translational RMSE and similar orientation
RMSE for all folds. Unlike for the simulation setting, tuning the covariance parameters of the
model-based smoother to achieve the lowest RMSE results in overconfident position estimates. This
is likely due to unmodeled effects in its motion or sensor models, which KoopSE overcame with its

model-free approach.

5.11 Conclusion

Overall, KoopSE provides an efficient framework for data-driven state estimation of control-affine
systems. By lifting the system into a higher-dimensional space, nonlinear dynamics can be approxi-
mated as bilinear-Gaussian, enabling state estimation using familiar linear tools. We demonstrated
its effectiveness on a nonlinear UWB tracking problem, highlighting its applicability in scenarios
with complex dynamics or unknown system models. One limitation of the current formulation is

that despite not requiring prior knowledge of the underlying system model, training requires access
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Figure 5.6: Errors and Mahalanobis distances for position and orientation for KoopSE and the model-based
extended RTS smoother on the 6 folds of the robot dataset. For position errors, KoopSE has a lower RMSE
and a more consistent Mahalanobis distance than the model-based smoother across all folds. For errors in
orientation, which is less affected by the UWB range measurements, KoopSE performs just as well as the
model-based smoother.

to groundtruth states. Future work could therefore investigate learning lifted system representations
directly from measurements and control inputs.

Within the broader context of this thesis, this chapter extends Koopman-inspired lifting from
learned measurement models to full system-level estimation. In contrast to the recursive filtering
setting of Chapter 4, this formulation enables batch estimation by learning both process and mea-
surement models within a unified lifted framework. More broadly, it shows that nonlinear state
estimation problems can be approximately recast as structured linear-Gaussian inference in a lifted
space, significantly expanding the role of data-driven lifting. This chapter also provides a theo-
retical interpretation of the lifting process, showing that Koopman-inspired representations can be
viewed as approximations to kernel embeddings, with RFFs offering a tractable finite-dimensional
realization.

A natural next step is to extend this framework to SLAM, where the robot trajectory and un-
known landmarks must be estimated jointly. In such settings, however, accurate estimation requires
more than expressive lifted models. When measurements are sparse or when multiple variables are
estimated jointly in the lifted space, the inferred quantities can deviate from the underlying lifted
manifold. In these settings, preserving manifold consistency becomes critical for accurate estimation.
A conceptual preview of these challenges is provided in Fig. 6.3. This motivates the next chapter,
where we extend Koopman-inspired lifted estimation to SLAM and develop methods for enforcing

consistency constraints in lifted estimation frameworks.
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Figure 6.1: Conceptual progression from Chapter 5 to Chapter 6.

6.1 Summary of Contributions

This chapter extends the lifted estimation framework of Chapter 5 from trajectory estimation to
full SLAM. In doing so, it reveals an important consideration that arises in these richer estimation
settings: accurate inference requires the lifted variables to remain consistent with the underlying
lifted manifold.

To address this, we develop the Reduced Constrained Koopman Linearization (RCKL) framework
for data-driven localization and SLAM. This chapter

e extends Koopman-inspired lifted estimation to the joint inference of robot states and landmark

locations,

e introduces a constrained estimation framework that enforces consistency with the lifted mani-

fold during optimization, and

e demonstrates experimentally that these constraints enable accurate data-driven localization

and SLAM in settings where unconstrained lifted estimation degrades.

Within the broader context of this thesis, this chapter shows that preserving consistency with

the lifted manifold is essential for reliable Koopman-inspired estimation. By incorporating such

48
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constraints, lifted methods become more robust in challenging estimation settings, enabling their

extension to practical localization and mapping problems.

Associated publication: Z. C. Guo, F. Diimbgen, J. R. Forbes, and T. D. Barfoot, “Data-driven
batch localization and SLAM using Koopman linearization,” IEEE Transactions on Robotics, vol. 40,
pp- 3964-3983, 2024. DOI: 10.1109/TR0.2024.3443674.

6.2 Motivation

Chapter 5 showed that Koopman-inspired lifting can be used for data-driven state estimation when
the relevant environment structure is known. In many real-world settings, however, robots must
operate in previously unseen environments, estimating their trajectory while simultaneously building
a map of the surrounding landmarks. Extending lifted estimation to SLAM is therefore a natural
and practically important next step.

The need for data-driven SLAM is especially relevant in systems where collecting data is easier
than deriving accurate process or measurement models. For sensing modalities such as UWB [7§],
RFID [79], or contact-rich manipulation [94], the procedure for modeling and/or solving the esti-
mation problem can be far more involved than the data-gathering process. A data-driven SLAM
framework therefore offers an attractive alternative to conventional model-based estimation pipelines.

In this chapter, we develop the RCKL framework for data-driven localization and SLAM. The

framework
e learns a high-dimensional bilinear system model from data without requiring prior models,
e is applicable to systems with control-affine dynamics,

e solves for the unknown states and landmark positions with an inference cost that scales linearly

with the number of timesteps, and

e has a training cost that scales linearly with the amount of data and an inference cost that is

independent of the amount of training data.

RCKL extends KoopSE by supporting localization with landmarks at new positions at test
time, and by enabling SLAM when landmark locations are unknown. It further enforces manifold
consistency through constrained optimization over the manifolds induced by the lifting functions,
and solves the resulting problem efficiently by formulating an SQP at each iteration [28].

Given a robot with unknown nonlinear dynamics and measurements, the system model may first
be learned in a controlled setting with ground truth data. The learned model can then be deployed
in the field using RCKL-SLAM to estimate new landmarks, after which RCKL-Loc can be used for
localization against the resulting map. See Fig. 6.2 for a preview of the outputs of RCKL-Loc and
RCKL-SLAM on a real-world dataset.

This chapter is structured as follows. We review related work in Section 6.3 and discuss lifting
the system in Section 6.4. We outline the model-learning procedure in Section 6.5. We then build
up the design of RCKL through Sections 6.6-6.8, where we discuss the procedure and limitations of
Unconstrained Koopman Linearization (UKL) in Section 6.6, Constrained Koopman Linearization
(CKL) in Section 6.7, and finally RCKL in Section 6.8. We present experimental results in Section 6.9

and conclude in Section 6.10.
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Figure 6.2: Visualization of the trajectory output of RCKL-Loc (left), and the trajectory and landmark
output of RCKL-SLAM (right), on Experiment 2 described in Section 6.9.4, showing the estimators’ mean
states and mean landmark positions compared to the groundtruth. The green regions and the grey regions
are, respectively, the 30 covariances of the trajectory and of the landmarks. The estimators’ trajectories
and landmarks are close to the groundtruth and are within the estimated 30 bounds, despite the algorithm
having little prior knowledge of the system models.

6.3 Related Work

Koopman-inspired methods have been widely explored for system identification [8, 9], control [11,
7, 12], and more recently state estimation [14, 15, 16, 17]. Related lifted system-identification meth-
ods based on kernels and Koopman-inspired representations often yield well-conditioned linear-like
learning problems in lifted spaces [95, 96, 71]. However, most existing estimation approaches have
been validated only on relatively small simulation problems or short-horizon filtering tasks. Applica-
tions to large-scale batch estimation problems such as localization and SLAM remain comparatively
limited, and incorporating learned lifted models into classical nonlinear estimation frameworks can
be challenging when the lifted representations are noisy or high dimensional [1].

In the previous chapter, we introduced KoopSE as a Koopman-inspired framework for lifted batch
state estimation using linear-Gaussian inference. However, KoopSE models all measurements jointly
within a fixed training environment, requiring landmarks to remain at the same positions during
deployment and preventing direct application to SLAM. Furthermore, extending lifted estimation to
larger optimization problems such as SLAM introduces additional structural challenges that require
constrained optimization in the lifted space. This chapter addresses these limitations by developing
data-driven formulations for localization and SLAM that maintain consistency with the underlying

lifted manifold during optimization.
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6.4 Lifting the Full System

In this section, we generalize the Koopman lifting framework to our systems of interest, which include
noisy process and measurement models. Unlike in the previous chapter, we explicitly include the
landmark position in the measurement model. We focus on systems with process and measurement

models of the form

N,
& = (&1, vp, wi) = fo(€p—1) + Z £ (€x—1)vi,i + wi, (6.1a)
i—1
N.q,E N.q,w
Vog = &5 Me) = Y D 8eil€)Tum (W) + Mgy (6.1b)
1=1 m=1

where &, € RN¢ is the robot state, v, € RV~ the control input, wj € RN~ the process noise, all
at timestep k. 1; € RYv is the position of landmark 7, Yr,j € RY~ the measurement of Pp; at
timestep k, and n; ; € R¥7 the measurement noise for Yr,;- i are the various components of the
process model, and g¢ ;, Ty, are the various components of the measurement model. Similar to the
previous chapter, we focus on systems with a control-affine process model (6.1a) since the model can
be written exactly as a lifted bilinear model when the system is noiseless [13|. In the same spirit,
we have also chosen a measurement model of the form (6.1b), where it is nonlinear in the state and
the landmark position but not both, such that the model can be exactly written as a lifted bilinear
model. Many common robot process and measurement models can be written in this form.

The problem of localization is to estimate the states, £, given a series of inputs, v, landmark
positions, v;, and measurements, v ;. The problem of SLAM is to estimate the states while moving
the landmark positions to the list of unknowns: estimate & and ); given only v} and 7 ;. Both
problems are difficult when the models, f;, g¢ ;, Ty m, are nonlinear, and especially so if the models
are inaccurate or unknown. Rather than solving these problems directly, we first embed each of the

states, inputs, landmarks, and measurements into high-dimensional spaces,

xp =Pe(€k), W =pu(Wr), €5 =pPyp(;), Yri = Pv(Tkj), (6.2a)
where
pe : RV —» X, p,:RY = U, py:R¥ L, py:RY =Y, (6.3a)

are the embeddings associated with the manifolds X', U, £, and Y, respectively. While the previous
chapter established a connection between lifting and kernel embeddings, the SLAM setting consid-
ered here introduces additional structure and, as shown later in this chapter, the need to enforce
consistency constraints. These requirements are most naturally handled using explicit lifted vari-
ables, and we therefore adopt finite-dimensional embeddings in this chapter. In practice, the insights
from the previous chapter still guide the choice of embeddings. In our experiments in Section 6.9,
we still use RFFs as they provide a flexible and principled way to construct these representations,

while retaining an implicit connection to kernel-based formulations. In any case, for the remainder
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of the chapter, we assume that the manifolds are within finite-dimensional vector spaces:
XCRN, Y cCcRM, LCRM, YCRM, (6.4)

and let N = max(N,, Ny, N¢, Ny).
For the process model, we follow the same lifting procedure as in the previous chapter, where the

control-affine model becomes a bilinear-Gaussian model in the lifted space. That is, (6.1a) becomes
X, = Axp_1+Bu, + H (uk X X}Cfl) + wg. (65)

Again, this lifting is exact in the deterministic case [13]|, whereas here we also have assumed that
any noise becomes approximately Gaussian in the lifted space. In the same spirit, we now lift the

measurement model in (6.1b) so that it also becomes bilinear in the deterministic case,

Yij = 8(&k,¥;,0) = yi; =D @xy), (6.6)

and assume that the noise from a stochastic measurement model can also be modeled as additive-

Gaussian noise. This results in the full lifted system,

X = Axip_1+Buiy + H (uk & Xk_1) + wg, (6.7&)
Vi =D @ xp) + 0y 5, (6.7b)

where wi, ~ N (0,Q) and ny ; ~ N(0,R) are the process and measurement noises, respectively, and

A: XX, BU—-X, HURIX X, D:LOX =), (6.8a)
wpeX, ng; €Y, QeXxX, Rel¥Yx), (6.8b)

where Q and R are symmetric positive definite. Note that for a closer parallel to the process model,
the measurement model would contain three terms, yx ; = D1x; + D2£; + D3 (Ej ®xk) + ny ;, and
the subsequent derivations would still follow through. However, the extra terms had little effects
during the experimental evaluation, and therefore the one-term version is presented for simplicity.
We will see in Section 6.6 that it is significantly easier to work with the lifted bilinear system
in (6.7) than with the original nonlinear system in (6.1). To proceed, we first learn the lifted models

from data.

6.5 System Identification

6.5.1 Lifted Matrix Form of Dataset

Our objective is to learn the lifted system matrices A, B,H,D,Q,R in (6.7) from data. This
learning procedure follows the approach in Section 6.5 of the previous chapter, with the addition
of explicit landmark positions. We assume a dataset of the control-affine system in (6.1), including
the groundtruth state transitions with their associated control inputs for P states: {£;, £i+ il

Here, &, transitions to é’j‘ under input v;. We also assume a dataset of the associated landmark
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measurements: {{~; ;, 1/12»,]»}?;1}%3:1. Here, §; is the number of landmarks seen at timestep 4, 1, ; is
the position of the jth landmark at timestep ¢, and «; ; is the measurement received from landmark
1; ; at state Sj’ . This format allows for data from multiple training trajectories to be used at once,
and also allows us to combine datasets with different landmark positions. We write the data in

block-matrix form:

Eo = {51_ 51_3} ;o B = [ﬁf 5;} , IT= [Vl VP] ’ (6.92)
T=[v1 - ma |91 ws (6.9b)
v = [¢1,1 b | ‘ Yp1 "pP,ﬁp} : (6.9¢)

The data lifts to {x; ,x;,w;}7; and {{yi;, 4 ; }f:1}£1 in the embedded space such that

x; =Ax; +Bu; + H (0 @ x; ) + wi, (6.10a)
Yij =D @x7) +n, (6.10b)

for some unknown noise, w; ~ N (0,Q), n; ; ~ N(0,R). We rewrite the lifted versions of the data

and the noises in block-matrix form:

Xy = »X1_ XI_J} s X = [XT X;:| ; (6.11a)
U= [ul uP} , W= [Wl Wp} , (6.11b)
Y = :Y1,1 Y16 | ‘ yp1 - YP,BP} ) (6.11c)
L= :el,l g || e ep,ﬁp], (6.11d)
N = in1,1 g, | ‘ np, - nP,,Bp} 7 (6.11¢)
X =[xt .. i< - x|, (6.11f)

o Br

where we defined X as the states duplicated based on the number of landmarks seen at each timestep.
We also define S = Zil B; as the total number of measurements. Then, X, X, U, W are all
P columns wide, while Y, L, N, X are all S columns wide. With these definitions, the lifted matrix
form of the system for (6.10) is

X = AXH) +BU+H((UO® X<,)) +W, (6.12a)
Y=DLoX)+N. (6.12b)

6.5.2 Loss Function

Similar to Section 5.5.2 in the previous chapter, we optimize for the system matrices from the
data by designing and minimizing a loss function, this time including the landmark positions. The

model-learning problem is posed as

{A*,B*, H*,D*,Q*,R*} = argmin V(A,B,H,D,Q,R), (6.13)
{A,B,H,D,Q,R}
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where the loss function is V' = V7 + V; with

1
Vi= 5 X —AX, -BU-H(U® X<7))||2Q71

1 o 2 1 _ 1 _
+5 Y -DEToX)|z. - 5P [Q7| - Sm R, (6.14a)

1 ) 1 ) 1 )
Vo= §P7'A ||A||Q*1 + 2PTB ||B||Q*1 + §P7H ||H||Q*1
1 1 1
+ §STD ||DH§,1 + §PTQ tr(Q 1) + §STR tr(R™1), (6.14b)

Similar to (5.18), V4 represents the negative log-likelihood of data, and V5 contains prior terms. The
regularizing hyperparameters, 74, 7g, Ta,Tp,7Q, Tr, can be tuned to maximize performance.
We find the critical points by setting the derivatives of V' with respect to the model parameters

ovV. 9V 9V oV °A% A%
(ﬁ’ 9B’ 9H’ 9D’ 8Q-1° and QR*I) to zero. We define

Vo=UoX_,, Jg=X, -AX_, —BU-HV, (6.15a)
Ve=LoX, Jr=Y -DVg. (6.15b)

This yields the following expressions that can be solved for A, B, D, and H:

X XL, + Pral XU’ X,V AT X X,
UX/[, UU" + Prpl uv), BT|=| UX/, |, (6.16a)
VQX(T_) \/vQIJT VQVg + P11l HT VQXIF)
D= (YV})(VRVE + Stpl)~!, (6.16b)
after which we obtain
1
Q= FJQJCT? +74AA" +75BBT + yHH' + 701, (6.16¢)
1
R = gJRJ; +7pDD" 4 751. (6.16d)

The time complexity of solving for A, B, H, Q and R is O(N3(P + S)), which is linear in the

number of training samples for fixed lifted dimension V.

6.5.3 Data Augmentation

If training data is scarce, system invariances can be exploited when known. The general system
in (6.7) allows the model behavior to vary arbitrarily with the states and landmark locations, but
this flexibility is often unnecessary. For example, a robot may exhibit similar motion across different
regions of a room, and a range sensor may depend only on the relative configuration between
the robot and landmarks. Although incorporating invariances directly into (6.7) is an interesting
direction for future work, here we instead use data augmentation [97] to improve model accuracy.
We generate additional samples by perturbing the data according to known invariances and include
them in the dataset matrices in (6.9). See our experiments in Section 6.9 for details.

Data augmentation is particularly useful in the SLAM setting. While earlier chapters also involve

bilinear interactions (e.g., between state and control input in the process model), in practice these are
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easier to learn due to the limited variability of inputs and smoother system dynamics. In contrast,
the SLAM measurement model depends on the joint configuration of the robot state and a potentially
large number of landmarks, and is often more complex than the process model. This significantly
increases the effective dimensionality of the learned mapping. As a result, substantially more data is

required to achieve good generalization, making data augmentation especially beneficial for SLAM.

6.6 Unconstrained Koopman Linearization (UKL)

We now outline the procedure to set up and solve a batch estimation problem with UKL. This
approach is in the same spirit as KoopSE in Chapter 5, which solves batch state estimation with fixed
landmarks through unconstrained optimization. UKL generalizes KoopSE in that the formulation
includes new landmark positions at test time, allowing for general localization (UKL-Loc) when the
test landmarks are known but differ from those used during training, and also allowing for SLAM
(UKL-SLAM) when the test landmarks are unknown. We then discuss the limitations of using the
minimum-cost solution of UKL, and how it leads to the introduction of manifold constraints for CKL,
presented in the next section. Although the constraints turn out to be crucial for performance, we

start by outlining UKL as it serves as a basis for CKL.

6.6.1 UKL Batch Estimation Problem Setup

Having learned the system matrices from training data in Section 6.5, we now move to an environment
with a new set of landmarks, {4;}}_,, where we wish to solve for a sequence of states, {£}(_,
given a series of inputs, {v}r—_;, and measurements, {{vx;}}_;}/_,. If the landmarks are all
known, the problem is simply localization. If any landmarks are unknown, the problem is SLAM

and we also wish to estimate the unknown landmarks. We do this in the lifted space, where the

quantities become {£;}Y_, {xx o, {ur}i_;, and {{y ;}}=1 }i—o, respectively. Following a similar
procedure as in Section 6.6 in the previous chapter, we simplify the bilinear process model of (6.7a)
into a linear model using the inputs at test time. Observe that uy ® xx—1 = (ur ® 1)x,—1. Then,
we define a new time-varying system matrix, Ay_; = A + H(ux ® 1), and a new input, vy = Buy.

With this, we have a system in which the process model is linear-Gaussian:

X = Ap_1Xp_1 + Vi + Wy, k=1,...,K, (6.17&)
ym:D(Ej@xk)—&—nk,j, k=0,....K, j=1,...,V, (617b)

where w ~ N(0,Q) and ny; ~ N(0,R). As the input is always given at test time, this form
applies to both localization and SLAM.

We now describe the process for solving UKL-SLAM, then briefly outline UKL-Loc as a special
case of UKL-SLAM. A more efficient method for solving UKL-Loc using the RTS smoother [1] is
described in Appendix C.1.

6.6.2 Solving UKL-SLAM

If some or all landmarks are unknown, we can solve for both the poses and the unknown landmarks

by formulating and solving a batch linear SLAM problem. We first describe the case where all
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landmark positions are unknown and the robot receives a measurement from every landmark at
each timestep, and later describe how to modify the method to allow for variations in the problem.
As is often done, we assume that xg is known in order to render a unique solution to the SLAM
problem. We define

x=|x; - XT}T £ = {ET ET}T v = {VT VT}T (6.18a)
1 K| 1 v] o 1 K|
T T
Y= {yf y}] . YE= [yll y;j,v} ; (6.18b)

where the italic quantities x, £, v, and y denote stacked batch quantities. This notation convention
is used throughout the remainder of this chapter. The pose errors and measurement errors are,

respectively,
ewk(xk) = (Ak_lxk_l + Vk) — Xk, ey7k7j(xk,£j) = D(EJ X Xk) — Yk, (619)

We can formulate the cost function as

J(z, Zevk x) Qe k(xk) Zzey,k)] Xk, £5) 'R ey kj(xk, £5), (6.20)

kljl

or, in block-matrix form,

1 _
J(q) = 5e(q) W e(q), (6.21)
where
x Q 0
= , = , 6.22a
Q = diag(Q,...,Q), R =diag(R,...,R), (6.22b)
€v,1 ey 1 €y k,1
€y
€= [ ‘| 9 €y = ) ey = 3 ey7k; - . (622C)
€y
€y K €y K €y k. V

Note that the sparsity pattern in W implicitly represents a co-visibility graph, since there are only
entries corresponding to process priors among adjacent poses, or measurements from poses to visible
landmarks. The UKL-SLAM optimization objective is

min J(q). (6.23)

q

Note that although J(q) is quadratic with respect to e, it is generally non-quadratic with respect
to g, and thus (6.23) cannot be solved in one shot. However, we can still use classical Gauss-
Newton optimization to efficiently solve (6.23) iteratively by exploiting sparsity structures. See
Appendix C.1.1 and Appendix C.1.2 for details on solving (6.23) with classical Gauss-Newton. The
optimal update, §q, can be computed in complexity O(N3(V3+V?2K)) when we have more timesteps
than landmarks, or O(N3(K? + K?2V)) when we have more landmarks than timesteps. We then
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update the operating point with
Top < Top + 0T,  Lop — Lop + 0k, (6.24)

for a step size . An appropriate step size can be found using a backtracking line search [28§].

Iterating until convergence yields (x*, £*), or ¢* in batch form.

] and Pq =

~ B

The distribution of the batch system’s solution is ¢ ~ N ((j,ﬁq), where ¢ = [

pm Pme
P, P,

pute the individual distributions for x;, and £; as follows. The means, X; and éj, are simply the

]. We have the batch mean from the Gauss-Newton solution: ¢ = q*. We can com-

corresponding blocks from & and £. As a feature of classical Gauss-Newton SLAM, we can also
compute the covariances, f’x,k and ].Sg)j, without raising the computation complexity of SLAM.

See Appendix C.1.2 for details on computing covariances. The final output is x5 ~ N(Xg, Px k),
£ ~ N (€5, Pe).

6.6.3 Recovering Estimates from Lifted Space

After solving for the lifted means and covariances of the states and landmarks, we now convert them
back into the original space. We define the block structures of the means and covariances of states

and landmarks in the original space for future reference:

C=[T wT] L C~NEB), E~NEDD, YNy, (6.252)
T T PO ~ .
e=lel & v=lul - Wl G~ NESen), vy~ Ny, yy).  (625b)

Thus, for localization, our goal is to recover the distribution of the robot trajectory, &, while for
SLAM, we seek the joint distribution of the trajectory and landmarks, ¢.

In general, recovering & from xj, involves a retraction step [72]. However, in Section 6.7, we
will restrict the lifting functions to include the original variables as the top parts of the lifted states
similar to (4.19) in Chapter 4. The recovery procedure for the states then becomes simply picking
off the top part of x; to get é;w and picking off the top-left block of f’ka to get ﬁ)x’k. The procedure

for the landmarks is analogous.

6.6.4 Other UKL Estimation Problems

We can leverage the flexibility of classical Gauss-Newton SLAM to handle variations to UKL-SLAM,
including localization and mapping as special cases. It is possible that y} ; is missing, meaning the
robot does not receive a measurement from £; at timestep k. Or, it is possible that a pose, xj, or
a landmark position, £;, is known. In both cases, we can modify (C.7) to incorporate missing or
known variables without affecting complexity. See Appendix C.1.1 for more details. If all of the
landmarks are known, SLAM reduces to localization (i.e., UKL-Loc). If all of the robot poses are
known, SLAM reduces to mapping. In both of these cases, the cost in (6.21) becomes quadratic
in the remaining unknowns, and using the sparse Cholesky solver (see Appendix C.1.2) yields the

minimum-cost solution after just one iteration.
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6.6.5 Limitations of Unconstrained Optimization in Lifted Spaces

This section discusses one of the core themes of this chapter: why UKL, and unconstrained op-
timization of lifted variables in general, may not be sufficient in some scenarios. In the previous
chapter, we explored a similar unconstrained formulation for localization (KoopSE), where the lifted
state is estimated without enforcing manifold constraints. As we have seen, KoopSE performs well
when measurements are sufficiently informative. However, this behavior does not extend to scenarios
with less informative measurements, nor to the SLAM setting. We show how the lack of manifold
constraints can lead to very poor minimum-cost solutions in UKL, motivating the introduction of
such constraints for CKL in the next section.

At first, UKL seems tempting. Solving localization and SLAM through unconstrained optimiza-
tion is straightforward and the solution can be found in one shot. However, observe that there are
no conditions that enforce the solution to be on the manifold defined by the lifting functions. In the
case of UKL-Loc, we automatically enforce that ui € U, yi; € V, £; € L, as these quantities are
given and are directly lifted at test time. However, there is no guarantee that the minimum-cost
solution of (6.21) satisfies x5 € X. Similarly, for UKL-SLAM, there is no guarantee that xj € X
and £; € L. In both cases, the minimum-cost solution could be very far from the lifting-function
manifold. This can be problematic because the trained models are likely poor for governing the be-
havior of off-manifold states and landmarks. The states and landmarks within the training data are
always on the manifold since they are being lifted from data (6.9) to their lifted versions in (6.11).
If the minimum-cost solution for (6.21) happens to be far away from the manifold, the estimates
may not be reflective of the training data. See Fig. 6.3 for a conceptual illustration of this manifold
deviation issue.

For localization, our experiments suggest that the minimum-cost solution of UKL-Loc tends to
remain sufficiently close to the manifold when measurements are frequent, as illustrated in the top
row of Fig. 6.3. In the simulations in Section 6.9, we see that the UKL-Loc trajectory outputs
are nearly as good as those of the model-based localizers. We hypothesize that the measurements
are favoring estimates near the manifold, although the precise mechanism remains unclear. When
measurements are sporadic, however, the intervals between measurement updates allow the learned
process model to propagate the estimate far from the manifold. This is illustrated in the middle row
of Fig. 6.3. Thus, although unconstrained Koopman localization can work in scenarios where the
measurements are regular, such as the experiments in Section 5.9 in the previous chapter, it often
struggles with sporadic measurements.

On the other hand, the minimum-cost solutions of UKL-SLAM tend to yield poor trajectory and
landmark estimates, with both variable types deviating substantially from their respective manifolds.
As illustrated in the bottom row of Fig. 6.3, pose-landmark correspondences appear to compound
the deviation effect by coupling jointly optimized off-manifold poses and landmarks. This trend
appears to be present regardless of the type or dimension of the lifting functions used in (6.2).
Figure 6.4 visualizes UKL-Loc and UKL-SLAM outputs on a dataset with sporadic measurements.

The manifold deviation is related to a known challenge of finding Koopman-invariant subspaces
for Koopman process models [67]. For a noiseless system, a Koopman-invariant subspace is such that
any on-manifold state stays on the manifold after passing through the lifted process model. For our

case, this means that given lifting functions p¢ and p,,, the original process model, &, = £(&x—1, px),
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UKL (no manifold constraints) (R)CKL (with manifold constraints)

UKL-Loc with Regular Measurements (R)CKL-Loc with Regular Measurements

u] o

Estimates tend to be near the manifold. Performs well. Estimates are enforced to be on the manifold. Performs well.
UKL-Loc with Sparse Measurements (R)CKL-Loc with Sparse Measurements
@ —o——a

-

Off-manifold drift can cause large estimation errors. Can fail. Estimates are enforced to be on the manifold. More stable.

UKL-SLAM (R)CKL-SLAM

Estimated poses and landmarks are off the manifolds. Often fails. Estimates are enforced to be on the manifold. Performs well.
—O— Groundtruth Trajectory --® - UKL Trajectory -- - (R)CKL Trajectory
<  Groundtruth Landmark ¢ UKL Landmark ¢ (R)CKL Landmark
@ Lifted Manifold - -+ - Measurement

Figure 6.3: Conceptual illustration of the effects of enforcing manifold consistency in lifted localization
and SLAM. The shaded surfaces represent the lifted manifolds, M, and M,. Groundtruth and (R)CKL
estimates lie on their corresponding manifolds, whereas UKL estimates are not constrained to do so. Manifold
constraints are particularly beneficial for localization with sparse measurements and for SLAM, where poses

and landmarks are jointly estimated. See Section 6.6.5 for further discussion.
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Figure 6.4: Visualization of the trajectory output of UKL-Loc (left), and the trajectory and landmark output
of UKL-SLAM (right), on Experiment 2 described in Section 6.9.4, showing the estimators’ mean states and
mean landmark positions compared to the groundtruth. The pink lines show the landmark correspondences
between the groundtruth and the output of UKL-SLAM. We observe that the trajectory estimate of UKL-Loc
is poor, which we typically see when the measurements are sporadic. For UKL-SLAM, both the trajectory
and the landmark estimates are poor, which we typically see regardless of the regularity of measurements.

can be written exactly as a lifted model, x; = Axy_1 + Bug + H(ug ® x;_1), such that
X €X Vxp_1 €X, YVu, €U. (6.26)

Finding Koopman-invariant subspaces for real-world control problems is challenging and an active
area of research (73, 74, 10, 98]. In the literature, the Koopman operator framework is commonly
used for problems with short time horizons such as model-predictive control [12], where the mani-
fold deviations are small and can be removed by a retraction step. For example, we could drop the
solution back into the original space and then re-lift it at the beginning of a new time window |71,
72]. However, the solution quality deteriorates with longer time horizons [70]. In our case, ensuring
invariance is further complicated with the addition of measurement models and unknown lifted land-
marks. For batch optimization over long time horizons such as in SLAM, we find that reprojections
cannot sufficiently improve the solution quality after converging to an off-manifold solution.

There is some work on converting nonlinear state-estimation problems into high-dimensional
formulations with only linear constraints [14, 15]. However, these formulations assume noiseless
systems and ideal, potentially infinite-dimensional Koopman operators, assumptions that cannot
generally be satisfied in practice. They also do not address the learned lifted representations and
long-horizon joint state-landmark estimation considered here. As a result, such approaches have yet
to be demonstrated on real-world datasets.

In the next section, we solve the same estimation problem for the system (6.7), with the addition

of constraints to enforce the solution to be on the manifold of the lifting functions.
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6.7 Constrained Koopman Linearization (CKL)

In this section, we present the setup and the solution process for CKL. We present the setup of
the optimization problem, the conversion to an SQP, and finally the algorithm for solving the
SQP in linear time. We first focus on CKL-SLAM, where we reuse much of the development
for UKL-SLAM. We then show the necessary modifications for other CKL estimation problems
including dead reckoning, mapping, and localization (CKL-Loc), followed by a note on reasonable

SQP initializations for these problems.

6.7.1 CKL-SLAM Problem Setup

For CKL-SLAM, the optimization objective is identical to (6.23), with the added constraint that

the solution must lie on the manifold of the lifting functions. The objective is

min J(q)
q
st. xg€X, k=1,....K, (6.27)

ﬁjeﬁ, 7=1...,V

where J(q) is defined in (6.21). To simplify the form of the constraints, we enforce that the estimated
quantities’ lifting functions, pg(-) and pe(-), consist of the original quantities stacked on top of the

actual lifted features:

xi = pe(&r) = {EJ f)g(ﬁk)T}T = [52 iﬂT, (6.28a)
4; = py(h;) = {Q/J m(%)T}T = {w} EHT, (6.28b)

where
pe : RVe 5 RN="Ne g  RNv — RN Mo, (6.29)

We can write the manifold constraints as equality constraints:

xp € X = hyx(xy) =Xr — Pe(&r) = 0, (6.30a)
L€ L = hy(l;) =£; — Py(p;) = 0. (6.30b)

The optimization objective in (6.27) becomes

min J(q)
o (6.31)
s.t. h(q) =0,
where
h ( ) hx(Xl) he(zl)
’“‘”Zlhe(a]’ ha(@)=| & |, h®=| i | (6.32)

h, (xx) he(Lv)
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This objective is identical to the UKL-SLAM objective (6.23) with the manifold constraints added.
Note that h(q) is generally nonlinear, but it has an exploitable structure: each of the blocks in h,(x)
can be nonlinear but affects only one robot state, and each of the blocks in he(€) affects only one

landmark. This blockwise structure is important for solving the optimization problem efficiently.

6.7.2 Solving CKL-SLAM with a Sequential Quadratic Program

We formulate an SQP [28] to solve (6.31). The Lagrangian is
L(g,\) = J(q) = X" h(q), (6.33)

where A is the Lagrange multiplier. Given the Lagrangian, we can solve for the SQP’s optimal
update, (dg,0A). The solution process involves similar matrix structures as the unconstrained
problem in (6.23). See Appendix C.1.3 for more details on the SQP formulation for CKL-SLAM.

We then update the operating point of the primal variable and the multiplier as
Qop < Qop + 00q,  Aop  Aop + QO (6.34)

with an appropriate step size a. With (6.31) containing the same J(q) as (6.23) and a blockwise
structure on h(q), we can extend the sparsity exploitation process of UKL-SLAM to CKL-SLAM.
With this, we can use the nullspace method [28] to efficiently solve the optimal update in the same
time complexity as the unconstrained problem: O(N3(V3 + V2K)) when we have more timesteps
than landmarks, or O(N3(K?3 + K2V)) when we have more landmarks than timesteps. See Ap-
pendix C.1.4 for details.

To extract the covariances of the estimates, ﬁ]gk and XAI% 7, we need to take into account the effect
of the added constraints. We show in Appendix C.1.5 that at convergence, the batch covariance of
the lifted variable is

P,=Z(Z"Fz)'Z", (6.35)
and the batch covariance of the original variable satisfies
¥.'=2'Fz, (6.36)

where F' is the Gauss-Newton approximation of the Hessian of the Lagrangian [43, §2], [99, §3.2],

Z = null(S) is a matrix constructed by a basis of the nullspace of S, and

Ok

5= %

(6.37)

Gop

is the Jacobian of the constraints at the converged solution!. We can then use a similar procedure
as for UKL-SLAM to extract the required covariances from ﬁ]gl This can be done without raising

the computational complexity of SLAM.

1Note that the definition of S here differs by a transpose from that used in the next chapter, where constraints are
instead written in the form STx = c¢. The convention in this chapter is adopted to align with the standard SQP/KKT
formulation, which is more natural for the derivations presented in Appendix C.1.4.
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6.7.3 Other CKL Estimation Problems and SQP Initializations

CKL-SLAM can be easily modified for other estimation problems including dead reckoning, local-
ization (CKL-Loc), and mapping. We would make similar adjustments to the cost as described in
Section 6.6.4 for UKL-SLAM, and also analogous adjustments to the constraints. For all of these
problems, the matrix sparsity structures are preserved, and we can still use the nullspace method to
efficiently solve the SQP. See Appendix C.1.6 for details on these other problems.

In the presence of nonlinear constraints, dead reckoning, mapping, localization, and SLAM are
all nonlinear optimization problems, and good initial points are often required to avoid convergence
to local minima. For dead reckoning, mapping, and localization, we acquire an initial point by
dropping the constraints (i.e., the UKL solution). For SLAM, we initialize the robot trajectory by
dead reckoning, then initialize the landmarks by mapping from the dead-reckoned trajectory. See

Appendix C.1.7 for details on the SQP initialization process.

6.8 Reduced Constrained Koopman Linearization (RCKL)

With the manifold constraints introduced, CKL-SLAM yields much better results than UKL-SLAM.
However, as we will show, CKL is sensitive to poorly fit process models of the lifted features. As
a result, CKL’s outputs are often still less accurate than those of the model-based methods under
experimental evaluation. We introduce RCKL, a framework that further improves upon CKL by
removing the portion of the learned process model that tends to be poorly fit. We first present the

derivation of RCKL, and then discuss our hypothesis for its improvement over CKL.

6.8.1 Reducing the Koopman Process Model

Starting with CKL, we analyze the Koopman process model in (6.7a) with the form of the lifting
function, pg(-), enforced in (6.28a). We break down A, B, and H into two components:

- T - T - T
A=[al AT| , B=[B{ BT| , H=[H] HT| (6.38)
where
A € RV, B¢ € RV Vo, H, € RNVexNalu, (6.39a)
A e RWe=Ne)xNe = B g RINe=Ne)xXNu = | ¢ R(Na—=Ne)xNalNo, (6.39b)

Then, the process model (6.7a), along with the form of pg (&) in (6.28a), yields

& = AEkal + Bguk + HE(uk ® Xk—l) + We i, (6.40&)
X = AX;C,1 + Buk + I:I(uk ® kal) + w, (6.40b)
where wy, = wf’k ~N|o0, QTE Qex .
Wi ng Qx

If there are no constraints in place, both models are necessary to fully determine xj,. With
the manifold constraints introduced, however, (6.40a) alone is sufficient to determine xj, since the

constraint hy (x;) = 0 in (6.30a) enforces that X5 = pg(&x). This means that when (6.40b) is a poor
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model, we can use (6.40a) to only determine the original state variables, and let the lifting-function
constraints determine the lifted features.

To clarify, the lifted features are still used in the process model of (6.40a) as part of the previous
state, xi_1, but just not determined by the model for the current state. Note that reducing the
model does not break the theoretical justifications mentioned in Section 6.4, including the fact that
the conversion of a control-affine model to a lifted bilinear model is exact in the noiseless case.

To train the reduced process model, we train for Ag, B¢, Hg, Q¢. The procedure is similar to the
one described in Section 6.5, except that the transitioned state is not lifted in the process model.
That is, the model in (6.10) becomes

fj_ = A¢x; +Beu; + He (ui ® Xl_) + Wy, (6.41a)
Yij =D @x]) +ni, (6.41D)
where xj is replaced with {-“f in the process model. After making similar modifications to the loss

function in (6.14), the solutions for Ag, Be, He, Q¢ can be found with

Vo=U0X.),, Jo=E¢ —AX ) —BU-HgVg, (6.42a)
X X, +Pral X ,UT X,V Al X E,
Ux/', UUT + Prpl UV, B{| = 2, | (6.42b)
VX[, VoUT VoV + Pryl] [H{ VoE/,
1
Q¢ = FJQJZJ +TaAeAl + 75BB{ + 7y HH, + 71 (6.42c)

At test time, we modify the time-varying quantities defined in (5.23),
A1 =Ae +He(up ® 1), vy = Beuy, (6.43)
and modify error functions in (6.19) to be
evk(Xk) = (Agh-1Xk-1+ Vi) =&k, €yrj(Xn, €5) = D4 @ xk) — ¥k 5 (6.44)

where the pose error is modified to weigh only the &, component of X, while the measurement error

is still using the full set of features in x;. The cost function is modified from (6.20) to be

J(z, Zevk x) ' Qg ey k(xk) Zzey kg (Xis ) TR ey i (X, £5), (6.45)

kljl

which can be written in the familiar block-matrix form of J(q) = e(q) "W ~'e(q) in (6.21). This
means that the RCKL-SLAM objective has the same form as the CKL-SLAM objective in (6.32).
To solve for g, we can follow the same procedure as in Section 6.7.2. The SQP iterations have the
same complexity, possibly with a smaller constant factor owing to the reduced process model. See
Algorithm 3 for a summary of the training and testing procedures for RCKL-Loc and RCKL-SLAM.
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Algorithm 3: Reduced Constrained Koopman-Linearized (RCKL) Localization and SLAM.

Training:
Input: Training data: process model data {§;, E;r ,v;}E | and measurements with
associated landmark positions {{~; ;, ¥ }fi:l}{;l; lifting functions

{Pe(), Pu (), Py (), Py (1) }; hyperparameters {74, 75, 7h, 7D, 7Q, TR}
1. Stack the training data into block-matrix form (6.9), yielding {£._,,Z,, X, T, A}.

2. Lift the training data using the chosen embeddings (6.11), yielding {X_,, X ,,,U,Y,L,X}.

3. Learn the reduced process model {Ag, Bg, He, Q¢ } and the measurement model {D, R} by
solving (6.42).

Output: Reduced process model {Ag, Be, He, Q¢ }; measurement model {D,R}.

Testing:

Input: Initial estimate or initialization procedure; control inputs {uk}leg measurements
{5, }}/:1}5:0? landmark positions {y_; };/:1 which are either known values for
localization or unknown variables for SLAM.

1. Lift the given inputs and measurements, yielding {u,} | and {{ys }}/:1}520. If a
landmark position, 15, is known, lift it to obtain £;.

2. Initialize an SQP with {q(®), AX(?}, where the primal variable, ¢(°), is an initial estimate
consisting of the lifted robot poses and any unknown lifted landmarks, using the procedure
described in Section 6.7.3.

3. Repeat until ¢(¥ converges:

(a) Form the reduced time-varying process quantities Ag 1 and v using (6.43), and
construct the residuals ey x(x;) and ey i j(xx, £;) using (6.44).

(b) Linearize the manifold constraints h(q) = 0 at q(*), yielding the constraint Jacobian
S = %‘q:q“)'

(c) Solve the SQP update using the nullspace method to obtain {dg,dA}, where

0q = [6:1:T 6£T] T contains the lifted pose and landmark updates, and d is the
Lagrange multiplier update. See Appendix C.1.3 and Appendix C.1.4 for details on
solving for the update in linear time.

(d) Update {q™, A} using {dq, A} via (6.34), yielding {q(*+D, XO+D1,
4. Extract {ék}kK:o and {'&] ;-/:1, the original pose and landmark means, by picking off the
appropriate entries from the converged lifted mean g = [:i:—r ET]T.

5. Compute the required covariances using (6.36).

Output: State estimates {ék}fzo; landmark estimates {vf)j};-/:l when applicable;
associated covariance estimates.

6.8.2 Theoretical Justification of RCKL

For the experimental scenarios presented in Section 6.9, RCKL’s process model always performs
better than CKL’s model. See Fig. 6.5 for a visual example of noiseless dead reckoning with UKL,
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Figure 6.5: UKL vs. CKL vs. RCKL in noiseless dead reckoning. We train the three estimators on noiseless
data corresponding to Simulation 1 described in Section 6.9.1, then compare their dead-reckoning outputs
on a noiseless test trajectory. UKL’s output is on top of groundtruth at first but eventually drifts off as
the states deviate from the feature manifold. CKL’s output remains on the feature manifold, but solution
is worsened by the poor process models on the features. Meanwhile, RCKL stays on the manifold and its
output corresponds to the groundtruth almost exactly.

CKL, and RCKL, where RCKL’s output is much closer to the groundtruth trajectory. We now
discuss our hypothesis for this improvement in performance.

The main difference between RCKL and CKL is that RCKL avoids fitting a model for the
evolution of the lifted features. A poor process model of the features would negatively affect the
whole system through the constraints. In our experiments, we see that when a model contains all of
the lifting functions required to fit the system, adding extraneous lifting functions to CKL degrades
its performance. Even when Xj_1 is essential for determining & in (6.40a), its own evolution to Xy
in (6.40b) may be poor, which would affect & through the constraint hy(xy) = X — pe(€x) = 0.

This concept is related to how Koopman invariance (6.26) can be difficult to satisfy especially
for the process models of the lifted features. See [67, p. 263] for an example of where the Koopman
representation of even a simple system becomes intractable when using polynomial features. The
higher-order polynomials added require even higher-order polynomials to fit their own process model,
ad infinitum.

After selecting the features from a large pool of possible lifting functions, we find that the linear
process models on the features tend to be poorly fit. RCKL, in contrast, fits a linear model on
only the original variables and relies on the nonlinear manifold constraints for the evolution of the
features. Assuming that we have enough training data to avoid overfitting, adding more lifting
functions in RCKL would only add more expressiveness for fitting the model.

Note that RCKL’s reduced model follows the same spirit as the original SINDy algorithm [68]. For
a nonlinear system, &, = f(&,_1), SINDy optimizes for a sparse A and a low-dimensional p¢(-) such
that the model can be written as £ = Apg(&x—1). That is, SINDy identifies the nonlinear functions
in pe(-) necessary to reconstruct the original system. This form is similar to our reduced process
model in (6.41a) with pg as the lifting function. However, SINDy’s nonlinear model is not originally
compatible with Koopman methods (without constraints). Instead, many Koopman methods use
a modified version of SINDy to reconstruct pg(&x) = Apg(&x—1) [77], which is essentially finding
the full process model. With the manifold constraints introduced, the reduced model is once again
possible for Koopman systems.

One potential drawback of RCKL is that for some systems, the process model of some features
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could be simpler to construct than that of the original variables. In this case, a hybrid method could

be used. As this is likely problem-specific, we leave the investigation of this idea for future work.

6.9 Experiments and Results

We evaluate the performance of the Koopman estimators for localization and SLAM in two simulation
scenarios and on two real-world datasets. We investigate the performance of UKL, CKL, and RCKL
in simulation, and focus on RCKL on the datasets, owing to its superior performance in simulation.
We compare our results with those of a classical model-based nonlinear batch estimator optimized
using Gauss-Newton [1, §8/9]. We term this estimator “MB” for model-based. To demonstrate the
advantages of our data-driven approach, we also compare with a classical estimator where the model
parameters are imperfect, and we term this estimator “MBI” for model-based imperfect. We will
show that our Koopman estimators can outperform MBI by learning the model parameters. Both
the Koopman estimators and the model-based estimators follow the initialization procedure outlined
in Section 6.7.3: initializing with dead reckoning for localization, and initializing with mapping from
dead reckoning for SLAM.

To evaluate accuracy, we compute the RMSE of an estimator’s mean output. To evaluate con-
sistency, we compute the normalized trajectory-level Mahalanobis distance of an estimator’s mean
and covariance outputs. This metric measures the consistency of the entire batch solution and is
defined as

dusai = 1/ (0O) T (5C)/N, (6.46)

where ¢ is the estimation error with respect to the groundtruth, ﬁ]gl is the estimated information
matrix, and N is the number of degrees of freedom in the system. In contrast to the step-wise
Mahalanobis distance in (4.28) used in the previous two chapters, here §¢, ﬁ)c_l, and N correspond
to the entire trajectory and map jointly. This distinction is particularly important in SLAM, where
correlations between the trajectory and landmarks are significant, and the consistency of the full
system is of interest. As mentioned in Section 6.7.2, we can exploit sparsity to efficiently compute
251 even for our large-scale batch problem.

For evaluating SLAM, we first perform an alignment step where the groundtruth is aligned to the
output trajectory through a rigid transformation before computing the RMSEs and the Mahalanobis
distances. This is because SLAM estimates a relative map of the trajectory and landmarks, and the
global SLAM error within the frame of the first pose is usually of lesser interest.

In the experiments below, we once again use SERFFs [84] for their experimentally determined
high performance [63] and, as seen in Chapter 5, for their connection to the squared-exponential
kernel. See (4.21) for the formulas to generate SERFFs. The SERFF hyperparameters can be tuned

based on data if necessary. Below, we use the notation zx(x) to denote the SERFFs for input x.

6.9.1 Simulation Setup

For both simulation scenarios, the setup consists of a robot driving in a 2D plane, receiving measure-
ments from landmarks scattered around the plane. We evaluate localization and SLAM on 100 test

instances, each with a 1000-timestep trajectory and 10 landmarks. The measurements are scaled
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by a constant factor of u = 1.05, which our Koopman estimators learn from data. We compare the
performance of the Koopman estimators against MB, whose measurement model uses the correct
value of p = 1.05, and MBI, whose measurement model uses ¢ = 1. To clarify, MB and MBI are
using the same raw data, but they are doing estimation with slightly different prior measurement
models, thus affecting their solutions. See [1, §8/9] for how the prior measurement models are used

for computing costs and Jacobians in classical Gauss-Newton estimation.

Simulation 1: Unicycle Model, Range Measurements

The inputs for the unicycle model [100] are the translational and rotation speeds of the robot, and
the measurements are distances. For timestep k and landmark j, the robot state, input, landmark

position, and measurement are, respectively,

T

€k=[§x,k &y k §e,k}T7 sz[uk wk] , 1/’j=[¢x,j %,j}T» Vi = ITh.j, (6.47)

where (&5 1, &y,k) is the robot’s global position, &g is the robot’s global orientation, uy, is the robot’s
linear speed, wy, is its angular speed, (¥4 j, 1%y ;) is the landmark’s global position, 7y ; is the range
measurement from the robot to the jth landmark, and g is the constant scaling factor. Contrary to
the assumption made in (6.28), the state is not within a vector space since it includes orientation
as a circular quantity. As such, we convert it to an augmented state, E;C, with the substitutions
Ecoso,k = cos&gr and &ingr = sinép . For CKL and RCKL, we introduce an additional state
constraint, he(€y) = €259 + E3nor — 1 = 0. See Appendix C.1.8 for more details on handling the

orientation. We used SERFFs for the state, the landmark position, the measurements, and input:

—- / -

&
Z y(§a > Sy k)
ga:,k
6 Zcos@,sin&(gcos&kagsinG,k)
ok /
S;{' = Y »  Pg’ (ék) = Zx,cose(gx,lwgcos G,k) ) (6483’)
fcos@,k
é- Zw7sin9(§$,k7§sin9,k¢)
sin 0,k
Zy,cos 6 (Sy,kv fcos 0,1@)
Zy,sin@(fy,kagsiné,k) i
b, Y v
pp()=| | e =] 7 me) =] (6.48b)
Zy () |2+ (Vh,5) 2y (Vi)

where for the state, SERFFs are constructed on all possible pairs of variables in & rather than
constructing zg: (§4. 5, £y ks Ecos 0,k» Esin o,k ). We find this form to be sufficient for our environment,
avoiding the burden of a much higher-dimensional lifted state and the need for substantially more

training data to prevent overfitting.

Simulation 2: Bicycle Model, Range-Squared Measurements

The setup is the same as for Simulation 1, except that the robot has a bicycle process model [101]

and the measurement is the squared range (to show the generalizability of our data-driven methods):

.
l%:@k¢4, Yoy = Hrd, (6.49)
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where uy, is still the linear speed but ¢ is the steering angle of the bicycle’s front axle. The lifting
functions used are in the same form as in (6.48) except for the input, for which we account for the
circular input of ¢, by using

-
Pu(Vk) = |up cos¢r  SINPk  Zuy,cos ¢ sin o (Uk, COS Pr, singr) T | (6.50)

6.9.2 Simulation Results Discussion

The results for Simulation 1 and Simulation 2 are shown in Fig. 6.6. We see that MB tends to have
the lowest errors for localization and SLAM, whereas RCKL has similar or slightly higher errors.
This outcome is expected since the models and the noise distributions are perfectly known for MB,
whereas the Koopman estimators have learned the model through noisy data. However, RCKL
has similar or better accuracy compared to MBI, demonstrating the advantages of the data-driven
approach. In addition, while the model-based estimators, MB and MBI, encounter local minima in
both localization and SLAM, RCKL appears to encounter local minima much less frequently. This
suggests that another potential benefit of reformulating nonlinear estimation problems in a lifted
space is improved convergence properties.

To further understand the observed convergence behavior, we verify the optimality of our solu-
tions by running each optimization problem twice: the first time using the standard initialization
procedure described in Section 6.7.3, and the second time initializing at groundtruth. Through this
procedure, we can identify the presence of local minima when the first solution (standard initial-
ization) has a higher cost than the second solution (groundtruth initialization). Global optimality
is harder to verify, since computing globally optimal estimates is typically prohibitively expensive
even for moderately sized problems. In our case, we assume that the groundtruth initialization
converges near the global minimum for the considered noise levels. Under this assumption, a global
minimum has likely been reached when both runs produce the same cost?. This procedure allows
us to systematically assess the presence of local minima, supporting our observations regarding the
improved convergence behavior of RCKL over MB and MBI.

For the other Koopman estimators, we see that UKL-Loc is viable in our environment where a
measurement is received from every landmark at every timestep. However, UKL-SLAM is not at all
viable, and only becomes viable when the constraints are added to yield CKL-SLAM. CKL still has
higher errors than the model-based estimators, MB and MBI. It becomes comparable to MB only
for RCKL, that is, after the reduced process model is employed.

6.9.3 Experiment 1: Indoor Navigation with Laser Rangefinder

We now move on to evaluation with datasets from real-world robots. For Experiment 1, we use
the “Lost in the Woods” dataset in [32]. The setup consists of a wheeled robot driving around in
a 2D indoor environment, with 17 tubes scattered throughout the space to act as landmarks (see
Fig. 6.7). The robot has an odometer to measure its translational and rotational speed, and uses a
laser rangefinder to measure its range to the cylindrical landmarks. The groundtruth positions of
the robot are recorded using a Vicon motion capture system. All data are logged at 10 Hz. There

are approximately 4 visible landmarks at any given time. The robot state, input, landmark position,

2For future work, one could incorporate a global optimality certificate [102] for either MB or RCKL if desired.
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Figure 6.6: Localization and SLAM results for Simulation 1 (left) and Simulation 2 (right). RMSE and
Mabhalanobis distances for localization (left plots) and SLAM (right plots) for UKL, CKL, RCKL, MB
(model-based with correct p), and MBI (model-based with imperfect p). In both simulations, RCKL has
slightly higher RMSEs than MB but encounters local minima less frequently, and it has lower RMSEs than
MBI. UKL-SLAM RMSEs are off the charts, and CKL-SLAM RMSESs are more reasonable than UKL-SLAM
but still higher than RCKL-SLAM, demonstrating the necessity of the constraints and the reduced process
model in RCKL. RCKL is also more consistent than MB and MBI.

and measurement are in the same form as in (6.47), where we adopt the common practice of using
interoceptive measurements as inputs in the process model [22]. We use the lifting functions given
in (6.48).

To empirically evaluate RCKL, we split the entire 20-minute dataset into training data and
testing data. We use 5/6 of the trajectories for training, where measurements derived from only
11 of the 17 landmarks are used to train the measurement model. We test on the remaining 1/6
trajectories using measurements derived from only the six remaining landmarks. We assume that
there are no factors such as slippage that would cause the robot to drive differently in one area of

the room compared to another, and that the measurements are dependent only on the landmark
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Figure 6.7: Setup for Experiment 1. A wheeled robot drives around 17 cylindrical landmarks (2 are not
visible in this photo) in an indoor environment. It logs wheel odometry and measures the range to its
surrounding landmarks using a laser rangefinder. The landmarks for testing are highlighted in red.

positions relative to the robot poses. Thus, we perform data augmentation by adding translational
and rotational transformations of the original training data to the training set.

We do 6-fold cross-validation by repeating the training/testing procedure for different sections of
the dataset’s trajectories, and compare the results of RCKL to MB. To demonstrate the advantages
of the model-free framework, we also compare these results with MBI, whose robot-to-rangefinder
distance in the measurement model is offset by 10 cm with respect to the generated measurements.
Again, MB and MBI are using the same raw measurements but different prior models. The errors for
RCKL, MB, and MBI are shown in Fig. 6.8, and their respective Mahalanobis distances are shown
in Fig. 6.9.

In Fig. 6.8, we see that for both localization and SLAM, RCKL has similar error levels as MB
but outperforms MBI. The Mahalanobis distances in Fig. 6.9 show that RCKL is fairly consistent.
Meanwhile, the model-based estimators are overconfident, and even more overconfident with the
model offset. These results suggest that RCKL has learned a more accurate and more consistent
model than MB and especially MBI. While RCKL appears to have not encountered any local minima
in localization or SLAM, the model-based estimators encountered local minima in one of the six
folds for localization and two of the six folds for SLAM (see Fig. 6.10). This behavior suggests that
the lifted formulation of RCKL may provide improved convergence properties for these estimation
problems. One possible explanation is that the lifted optimization landscape is locally easier to
optimize than the original nonlinear formulation. We leave the investigation of this hypothesis for

future work.

6.9.4 Experiment 2: Golf Cart with RFID Measurements

For this experiment, we train on Dataset A3 and test on 3000 steps of Dataset Al of [103]. The
setup for these two datasets consists of a cart driving on a golf course. The robot is equipped with a
transponder with four radio-frequency (RF) antennae mounted on the four corners of the robot. As
it moves, it measures ranges to RF tags placed on top of ten traffic cones that are scattered around

the course. The range measurements are sporadic, occurring only at certain points on the trajectory.
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Figure 6.8: Localization and SLAM errors for Experiment 1: position and orientation errors of the mean
trajectory and the mean landmark outputs of RCKL, MB, and MBI (whose robot-to-rangefinder distance is
offset by 10 cm), on the six dataset folds. For localization, RCKL has similar position errors and generally
lower orientation errors compared to MB. Against MBI, RCKL has lower position and orientation errors,
demonstrating the advantage of the data-driven approach. These trends are also present for SLAM on folds
1, 2, 3, and 5. On folds 4 and 6, the model-based SLAM errors are much higher as a result of convergence
to local minima (see Fig. 6.10 for a visualization).

The measurements for each transponder contain a rather large scaling factor, corresponding to p
in (6.47), of around 1.2. The groundtruth positions of the robot and of the cones are obtained
using a Global Positioning System (GPS). The control input consists of linear and angular velocities
obtained from a fiber-optic gyro and wheel encoders. With just dead reckoning, the test trajectory
drifts in orientation owing to repeated turns in the same direction [103]. This drift will be corrected
by localization or SLAM.

Similar to Experiment 1, the robot state, input, landmark position, and measurement are in the
same form as in (6.47), and the same forms of lifting functions are used as in (6.48). The landmark
locations in A1l and A3 are the same. As such, we train on A3 with measurements from only 5
landmarks, and test on Al with measurements from the 4 remaining landmarks, ignoring the one
landmark with no measurements. We treat each RFID tag as an independent measurement model,

so there are three sets of {D, R} to train, ignoring the one tag with only two measurements. We use
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Figure 6.9: Mahalanobis distances of localization and SLAM for Experiment 1: Mahalanobis distances of
the outputs of RCKL, MB, and MBI (whose robot-to-rangefinder distance is offset by 10 cm), on the six
dataset folds. For localization, RCKL’s Mahalanobis distances are close to 1, signifying that RCKL-Loc is
consistent. MB’s Mahalanobis distances are slightly higher than 1, signifying that its estimates are slightly
overconfident. MBI is similarly, if not marginally more, overconfident than MB. For localization, MB and
MBI are more overconfident in fold 5 than in the other folds as a result of converging to local minima. These
trends are also present for SLAM on folds 1, 2, 3, and 5. On folds 4 and 6, the estimates of the model-based
estimators, MB and MBI, are highly overconfident as a result of convergence to local minima.
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® Landmarks (RCKL-SLAM) ® Landmarks (MB-SLAM)
Figure 6.10: Visualization of SLAM output of Experiment 1 fold 6 for RCKL-SLAM and MB-SLAM, showing
the estimators’ mean states and mean landmark positions compared to the groundtruth. The green regions
and the grey regions are, respectively, the 30 covariances of the trajectory and of the landmarks, though
the 30 bounds of the landmarks are barely visible. The pink lines show the landmark correspondences
between the groundtruth and the estimators’ outputs. RCKL-SLAM'’s trajectories and landmarks are close
to the groundtruth and are generally within the estimated 30 bounds. On the other hand, MB-SLAM has
converged to a local minimum with one landmark on the opposite side of the trajectories, and its estimate
is far from being within 30 bounds of the groundtruth.

Trajectory (Groundtruth)
Landmark Correspondances

a data augmentation procedure similar to that in Experiment 1, adding translational and rotational
transformations on the original training data into the training set. We compare against MB, whose
model contains the correct scaling factors, and against MBI, whose model uses a scaling factor of 1.
The error plots for RCKL and the model-based estimators are shown in Fig. 6.11. A visualization
of the outputs of RCKL-Loc and RCKL-SLAM can be seen in Fig. 6.2. As an ablation study, we

also perform estimation with parts of RCKL’s learned models swapped out with MB’s prior models.
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Figure 6.11: Error plots for Experiment 2, comparing RCKL-Loc with MB-Localization (left two plots)
and comparing RCKL-SLAM with MB-SLAM (right two plots). The blue lines represent the errors of
the estimated trajectories, and the red envelopes represent the estimated 3¢ covariance bounds. For both
localization and SLAM, RCKL’s errors are similar to or smaller than those of MB. RCKL’s errors are
bounded by the 30 bounds, while MB’s errors sometimes exceed the 30 bounds especially in localization.
The shapes of the errors and the covariance envelopes of RCKL are similar to those of MB, suggesting that
RCKL’s outputs reflect the model reasonably well.

The RMSEs and Mahalanobis distances of the above estimators are shown in Table 6.1.

Fig. 6.11 qualitatively illustrates the effectiveness of RCKL, since the errors and covariances of
RCKL appear similar to those of MB. Quantitatively, we see from Table 6.1 that RCKL has similar
or better accuracy and consistency than MB in both localization and SLAM. This suggests that
RCKL’s learned models are better than MB’s prior models. The ablation results in Table 6.1 also
show that swapping to RCKL’s measurement model reduces more error than swapping to RCKL’s
process model. This suggests that the main improvement comes from RCKL’s measurement model,
while the two process models are of similar quality. Finally, RCKL substantially outperforms MBI,

demonstrating the advantage of the data-driven framework.

6.9.5 Computation Time

We briefly discuss the computation time of RCKL compared with that of the model-based estimators.
Since RCKL and MB use substantially different cost functions, convergence should not be compared
directly using cost tolerances. Thus, we instead view convergence as being sufficiently close to the
groundtruth. In this sense, RCKL takes 1-3 times longer to converge than MB and MBI, depending
on the environment setup. As an example, we compare CPU-based implementations of RCKL and
MB on an Intel Core i7-9750H Processor. We show in Fig. 6.12 the estimator runtime for folds where
both estimators converged near the groundtruth in Experiment 1. Each fold contains 200 seconds
of data, consisting of 2000 timesteps (and inputs) and about 8000 range measurements. As seen in
Fig. 6.12, both estimators converge near the groundtruth in less than 30 seconds. RCKL has the same
Big-O inference complexity as the model-based estimators for both localization and SLAM, scaling
linearly with the number of timesteps. The model-based estimators work with smaller matrices and

thus have faster iterations than RCKL. However, they are not substantially faster overall because
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.. Position Orientation | Maha.
Localization Method RMSE [m] | RMSE [rad] | Dist.
RCKL Process,
RCKL Measurement
MB Process,
MB Measurement
RCKL Process,
MB Measurement
MB Process,
RCKL Measurement

MBI
(imperfect model)

0.592 0.0246 0.834

0.768 0.0339 6.167

0.790 0.0359 1.092

0.582 0.0253 6.161

8.187 0.1249 6.422

Position Orientation | Landmark | Maha.
RMSE [m]| | RMSE [rad] | RMSE [m] | Dist.

0.552 0.0293 1.073 0.865

SLAM Method

RCKL Process,
RCKL Measurement
MB Process,
MB Measurement,
RCKL Process,
MB Measurement
MB Process,
RCKL Measurement

MBI
(imperfect model)

0.495 0.0280 1.233 6.154

0.553 0.0289 1.298 0.971

1.781 0.0699 2.307 6.956

1.428 0.0638 7.773 6.240

Table 6.1: Ablation results of Experiment 2 for localization (top) and SLAM (bottom). The first row cor-
responds to RCKL, the second row corresponds to MB, the third row corresponds to RCKL with MB’s
measurement model, and the fourth row corresponds to RCKL with MB’s process model. The fifth row is
MBI, the model-based estimator whose measurement model has imperfect scaling factors. For both localiza-
tion and SLAM, RCKL has similar or lower RMSEs than MB, and a more consistent Mahalanobis distance.
RCKL substantially outperforms MBI, demonstrating the advantage of the data-driven method.

. Localization . SLAM
— 1.2+ —_
é ) é 0.6 - I
7 1 7 %
= 087 =04 i
Toel © = \
g * g \
= g o
Zo04r o 702t g
502> % g He P N n? P "%ﬁ *ﬁ*ﬁﬁ,
: *® 0. % &* Xt e e B 4
0 . P TV Y O | 0 ‘ i ‘ e i it
0 5 10 15 20 0 5 10 15 20 25 30
Estimator Runtime [s] Estimator Runtime [s]
| & RCKL (ours) 4o MB l

Figure 6.12: Position RMSE vs. estimator runtime for Experiment 1 for folds 1, 2, 3, 4, and 6 for localization,
and folds 1, 2, 3, and 5 for SLAM, ignoring the folds where MB converges to a local minimum. For both
RCKL and MB, markers are placed at every iteration, and the first markers are placed at the end of their
initialization procedures. On all of these 200-second trajectories, both estimators converged to near the
groundtruth within 30 seconds.
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they usually require more iterations to converge near the groundtruth.

6.9.6 Hyperparameter Tuning

We discuss our procedure and recommendations for tuning the hyperparameters involved in RCKL.
The main hyperparameters unique to this algorithm are the regularizers in (6.14b), namely 74, 75,
TH, TD, TQ, TrR- We used a different set of hyperparameter values for each of the experimental
scenarios presented (Simulation 1, Simulation 2, Experiment 1, Experiment 2). We hand-tuned
these values by manually adjusting them until a desired performance is reached on a validation
dataset. Hyperparameters were never trained nor tuned on the test dataset. To achieve maximum
performance, we recommend further refining the hyperparameters through a grid search or other
hyperparameter optimization methods [104]. In our experiments, we saw that RCKL’s performance
is sensitive to only a few hyperparameter values. To show this, we performed a sensitivity analysis
on the 7’s used in Experiment 1. Fig. 6.13 shows the accuracy and consistency of RCKL-Loc and
RCKL-SLAM as we individually vary each of the 7’s within an order of magnitude above and below
our hand-tuned values. We see that RCKL’s accuracy and consistency do not change significantly
across the tested ranges of 74,7p,7H, and 7p. The covariance regularizers, 7g and 7, have larger
effects on performance. Notably, the estimates are generally less consistent if 7o and 7r are set
either too low or too high, and generally less accurate if 7o and 7r are set too high.

There are other settings that can be classified as hyperparameters, such as the lifting functions
used and parameters within the SQP (e.g., p in the line search acceptance criterion; see (C.15)
in Appendix C.1.3). We recommend using standard methods from the literature to choose these
parameters. For example, we chose SERFFs as our lifting functions, but more methodical Koopman
identification methods [105, 69] can be used as well.

6.10 Conclusion

The results highlight the advantages of RCKL’s data-driven approach to localization and SLAM.
When the classical model-based estimator that relies on Gauss-Newton has access to perfect models
in simulation, it has similar or slightly better accuracy than RCKL. However, RCKL has similar or
slightly better accuracy than the model-based estimator with an imperfect model. On real-world
datasets, RCKL is generally more accurate and more consistent than the classical model-based
estimator, especially when compared against classical estimators with imperfect models. While the
performance of the model-based estimators depends on the validity of their prior models, RCKL
simply applies the high-dimensional model learned through data. In addition, the experiments
suggest that RCKL may also be less prone to poor local minima.

RCKL provides a practical framework for data-driven localization and SLAM by converting
nonlinear estimation into a constrained optimization problem over a lifted bilinear system. For
localization, it generalizes KoopSE to environments with landmark configurations not seen during
training. For SLAM, it enables the joint estimation of robot trajectories and previously unknown
landmarks while preserving manifold consistency of the lifted variables. More generally, this chap-
ter has shown that manifold-constrained optimization can substantially improve the reliability of

Koopman-inspired estimation methods.
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Figure 6.13: RCKL hyperparameter sensitivity test: Position RMSE (left column), orientation RMSE (middle
column), and Mahalanobis distances (right column) of RCKL-Loc and RCKL-SLAM results on Experiment
1 (all 6 folds) vs. different hyperparameter values (74, 7B, T, 7D, 7Q,Tr). For all plots, the middle marker
is placed at the hand-tuned hyperparameter value used to generate the results in Section 6.9.3. In each row,
a hyperparameter is varied an order of magnitude above and below its hand-tuned value, while all other
hyperparameters are set to their hand-tuned values. In the first two columns, we show the 50th, 25th, and
75th percentiles of the errors by representing them with the circle markers and the error bars’ lower and
upper bounds. In the third column, the markers represent the mean Mahalanobis distances.
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Several avenues remain interesting directions for future work. It is worth investigating the
origin of RCKL’s improvement in convergence properties as a result of lifting estimation into a
high-dimensional space. Another direction is to investigate updating the solution incrementally for
real-time localization or SLAM, possibly by applying factor graph solvers [41, 106] or smoothing
methods [40] in the lifted space. As well, we can broaden the model types that can be converted
into lifted forms, making a further step towards data-driven state estimation for general robotics
systems.

In developing RCKL-SLAM, it was necessary to extract covariance estimates from the resulting
constrained optimization problem. Although such estimates were obtained through expressions
tailored to the SQP formulation, their broader interpretation was not initially clear. This raises
a more general question: how should Gaussian uncertainty be handled when variables are coupled
through smooth constraints or manifolds? Perhaps surprisingly, examining this question reveals that
these covariance expressions admit a clean probabilistic interpretation as conditioning operations
onto linearized manifolds. This motivates the next chapter, where we develop a general framework

for Gaussian inference on linearized manifolds.
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Figure 7.1: Conceptual progression from Chapter 6 to Chapter 7.

7.1 Summary of Contributions

This chapter develops a general framework for Gaussian inference on linearized manifolds, motivated
by the constrained estimation problems encountered in Chapter 6. It provides a probabilistic in-
terpretation of the covariance formulas that arise in such problems, and extends classical Gaussian
inference operations to settings involving smooth equality constraints. In doing so, it supplies a

principled uncertainty estimation framework for such constrained systems. Specifically, this chapter

e establishes the theoretical interpretation of covariance extraction for constrained estimators as

Gaussian conditioning onto linearized manifolds,

e develops corresponding formulations for marginalization and conditioning onto smooth mani-

folds through local linearization, and

e demonstrates how these results enable principled uncertainty quantification in constrained

estimation problems and smooth equality-constrained optimization frameworks more broadly.

79
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7.2 Motivation

In robotics, there is an increasing need for probabilistic inference on smooth manifolds and other
structured state spaces. One example arose in Chapter 6, where localization and SLAM were posed
as constrained optimization problems in high-dimensional lifted spaces, and covariance extraction
was required. Other examples include estimation frameworks based on Lie groups [34, 35, 36|,
other lifted-space representations [107], and explicit problem constraints [41]. For several important
manifold classes, particularly Lie groups, established methods support both state estimation and
uncertainty representation. However, covariance estimation becomes less straightforward when the
manifold is induced by problem-specific constraints or learned representations. For example, al-
though both unconstrained [30] and constrained [41] methods based on the Georgia Tech Smoothing
and Mapping (GTSAM) library solve for the mean trajectory, only the unconstrained formulation
readily provides covariance estimates [86]. Even when such covariance estimates can be obtained in
practice, as in RCKL-SLAM in the previous chapter, their interpretation can be unclear: they may
arise from optimizer-specific derivations rather than from a unified probabilistic framework.

This gap reflects the limited availability of general probabilistic inference tools for variables
constrained to arbitrary smooth manifolds. In robotics, two prevalent inference operations are
marginalization and conditioning. These operations are well established for Gaussian distributions
in Euclidean settings [108] and are integral to the Bayesian-inference framework [22, 1]. However,
their classical forms do not directly generalize to variables related through smooth constraints or
manifold structures.

In this chapter, we address this gap by extending the concepts of marginalizing and conditioning

to smooth manifolds. Our key technical results include

1. closed-form expressions for marginalizing and conditioning Gaussians onto general linear mani-

folds (see Fig. 7.2 for a preview),

2. approximations for marginalizing and conditioning Gaussians onto smooth nonlinear manifolds

through local linearization, and

3. applications of our novel expressions, including approximation of the projected normal distribu-
tion [44], (a reinterpretation of) covariance extraction in RCKL-SLAM, and covariance extraction
in constrained GTSAM [41].

This chapter is structured as follows. We review related work in Section 7.3, and discuss the
established theory on marginalizing and conditioning Gaussians onto axis-aligned manifolds in Sec-

tion 7.4. We present our expressions and derivations for these operations on general linear manifolds
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Figure 7.2: Marginalizing and conditioning Gaussians onto manifolds defined by linear constraints using
Table 7.2. Intuitively, marginalization corresponds to a projection onto the manifold, and conditioning
corresponds to a normalized intersection with the manifold. Although the covariance of the original Gaussian
is rank 3, it collapses to the rank of the manifold after marginalization or conditioning. In (a), the resulting
Gaussians have rank-2 covariances, lying on the constraint plane. In (b), the resulting Gaussians have rank-1
covariances, lying on the intersection of the two planes.

in Section 7.5, and present our approximation method for nonlinear manifolds in Section 7.6. We

present three applications of our theoretical contributions in Section 7.7, and conclude in Section 7.8.

7.3 Related Work

There is limited work on covariance estimation in a general constrained setting. One study [42]
projects Gaussians onto linear constraint manifolds for sensor fusion, but the manifold is restricted
to those passing through the origin, i.e., manifolds of the form STx = 0. Another study [43] focuses
on constrained weighted least squares and proves that the covariance is contained within the inverse
Karush-Kuhn—Tucker (KKT) matrix. However, extracting this covariance remains challenging, es-
pecially for large systems. In addition, the probabilistic interpretations of both methods are not
explicit; it is not immediately clear whether they are related to marginalization or conditioning.
Although we do not pursue this connection in detail, the formulas developed later in this chapter
suggest that both methods can be viewed as instances of conditioning Gaussian distributions onto
constraint manifolds.

Meanwhile, there is interest in marginalizing and conditioning Gaussians onto specific manifolds,
including two-dimensional circles [44] and n-dimensional spheres [45]. In robotics, Lie groups [33]
are often a main focus [1, 34, 35, 36, 37, 38, 39]. To our knowledge, however, no methods have
been presented for arbitrary smooth manifolds. This chapter begins to fill this gap by developing a
general framework for marginalizing and conditioning Gaussian distributions onto smooth manifolds

through local linearization.
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Marginalization and Conditioning onto Axis-Aligned Manifolds
p(x) ~ N (p, ) = N7 (n, A),
n=%"'p, A=371,
Manifold: x5 = (3,

Xa Ha Na
X = s = y = y
[Xﬁ} g [ua] ! [fm]
Eaa zaB:| |:Aao¢ AaB:|
= . A= .
{Elg 2pp Als Ass

Marginalization
_ | Mmarg,« » _ Emarg,aa 0 7.0.1
Nmarg - 6 bl marg — O O . ( b )
Covariance Mmarg,a = MHa, (7.0.2)
Form Emarg,aa = Yaa- (703)
Information Thmarg,a = E;;rg,aaﬂmarg,a =Ta — AaﬁAgénﬁa (7.0.4)
-1 —1AT
Form Amarg oo = Zarg aa = Moo = AapAgsA g (7.0.5)
Conditioning
Mcond = th)gd,a 5 Econd = Ecor(l)d,aa g . (706)
Covariance Hcond,a = Mo + Eaﬁzﬁé (B — mp), (7.0.7)
Form cond,an = Eﬁ? + 2052552;3. (7.0.8)
Information Ncond,a = Econd,aal"’COHd7a =MNa — Aaﬁﬁ, (709)
Form Acond oo = Bt g oa = Aaa- (7.0.10)

Table 7.1: Expressions for marginalization and conditioning Gaussians onto azis-aligned linear manifolds,
reproduced from [108].

7.4 Marginalization and Conditioning Gaussians onto Axis-
Aligned Linear Manifolds

Prior to presenting our results for general linear manifolds, we first review marginalization and
conditioning onto axis-aligned manifolds. This section will be referenced while deriving our general
results in Section 7.5, where the rationale for the term ‘axis-aligned manifold” becomes apparent.

Suppose we have a random variable, x € R"™, associated with a probability distribution, p(x).

Suppose x can be broken down as x = {xl xE]T. The marginal distribution of x over xg is
denoted as pmarg:5(x). Intuitively, marginalization summarizes x by summing up the distribution
along x3. This can be seen as a projection of p(x) onto the subspace x,. The conditional distribution
of x over x5 = B is denoted as pcond:xz=a(x). Conditioning corresponds to finding the distribution
of x given that xg = B is known. It can be visualized as taking the slice of p(x) where x5 = 3, and
then renormalizing the distribution along the slice. For more information, see [109].

Finding marginal and conditional distributions on axis-aligned manifolds can be difficult for a
general p(x). However, in the common case that p(x) is Gaussian, the results can be written in closed
form. It is known that marginalizing or conditioning Gaussians onto axis-aligned manifolds results in
Gaussians. Gaussians are typically characterized either in covariance form as p(x) ~ N(u, ), where
 is the mean and X is the covariance, or in information form as p(x) ~ N~1(n, A), where n is the

information vector and A is the information matrix. Given these representations, the closed-form
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Figure 7.3: Visualization of marginalization and conditioning of a Gaussian onto axis-aligned manifolds of
the form xg = B. The left, middle, and right planes illustrate manifolds aligned with the zy-, yz-, and
xz-planes, respectively, which correspond to fixing different coordinate subsets of x. Marginalization (green)
can be interpreted as projecting the Gaussian onto the manifold, while conditioning (magenta) corresponds
to taking a slice of the Gaussian along the manifold and renormalizing the resulting distribution.

expressions for Gaussians under marginalization and conditioning are presented in Table 7.1, which
is rewritten from [108] using our notation. For convenience, results are expressed in covariance form
and in information form. See Fig. 7.3 for a visualization of these results.

After marginalizing or conditioning onto xg = 3, the resulting covariances are rank-deficient.
In (7.0.1) and (7.0.6), rank(Xmarg) = rank(Xeond) = nq. Both inference operations effectively set
Xg to a fixed value, and the xg component is no longer associated with a distribution. Despite this,
the Gaussians retain their original dimensionalities: dim (X arg) = dim(Xcona) = n. This situation
is analogous to projecting a vector onto a subspace; the orthogonal component becomes 0, but the
projected vector’s dimensionality is not reduced. The conventional expressions for marginalization
and conditioning [108] are written only for the x, subspace and have implicitly stripped off the
padding associated with the xg subspace. In (7.0.1) and (7.0.6), we leave in the padding. This turns
out to be essential for deriving our results for general linear manifolds.!

For many applications, the inference results in Table 7.1 are sufficient. As a classical example,
the Kalman filter expressions can be derived [1, §3] using Table 7.1. However, as we will see in
Section 7.7, there is a growing demand for marginalizing and conditioning Gaussians onto general

manifolds.

7.5 Marginalization and Conditioning Gaussians onto General

Linear Manifolds

7.5.1 General Manifolds

Before confining to linear manifolds, we first clarify our definitions for marginalizing and conditioning
onto smooth, potentially nonlinear manifolds, in preparation for Section 7.6. Suppose we have a

random variable, x € R™, an associated probability distribution, p(x), and a manifold, M : f(x) = 0,

INote that the information form results in Table 7.1 are still defined over only the x, subspace, since E;}irg and

1 .
3 ong do not exist.
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Marginalization and Conditioning onto Linear Manifolds
p(x) ~N(p X), xeR",
Manifold: STx =¢, SeR™™,
Z=null(ST) e R NI =2Z(ZTZ)7'ZT,
xo=S(S'S) e.

Marginalization Conditioning
Mmarg = H/,L + X0, (711) Hcond = X0 + EcondE’l(u - Xo), (713)
Emarg - HEHT (712) Econd = Z(ZTE_lz)_lzT. (714)

Table 7.2: Expressions for marginalization and conditioning Gaussians onto general linear manifolds

where f(+) is differentiable. Suppose the manifold is m-dimensional. That is, f : R® — R*~™.,

For marginalization, suppose M has a projection method, gaq : R™ — R", where for any x € R",
gm(x) = x € M, meaning that f(X) = 0. A common projection method is the closest on-manifold
point measured via the Euclidean distance: gaq(x) = argmingep|[p — x|[?. Then, pmarg:r(x) is
the result of projecting p(x) onto M with gaq. For conditioning, we simply condition p(x) over
the points on the manifold: peond:m(x) = p(x | £f(x) = 0). Instead of slicing and renormalizing
p(x) over fixed values, we renormalize over the slice defined by the manifold. Note that for both

marginalization and conditioning, the density is zero at all points off the manifold.

7.5.2 Linear Manifolds

Marginal and conditional distributions are difficult to compute for a general f(x). However, linear
manifolds greatly simplify the situation. Suppose we have f(x) = STx — ¢ = 0, where S € R"*™
m < n, c € R™. We assume that rank(S) = m, meaning that S has full column rank. Then, the

marginal distribution of p(x) onto M is

vaspan S p(x + V)dV, STX =¢

pmarg:M(X) = (71)

0, otherwise,

where dv denotes integration over the subspace span S, whose vectors are orthogonal to the manifold.
For conditioning, the distribution is similar to the case for general manifolds: peona.m(X) = p(x |
STx = c).

7.5.3 Expressions for Gaussians

Now, suppose that p(x) ~ N(u,X). We present one of our main contributions in Table 7.2: the
closed-form expressions for marginalizing and conditioning a Gaussian onto a general linear manifold.
Here, null(S") denotes a matrix whose columns form a basis for the nullspace of ST.

Note that the formulation for Table 7.1, as described in the previous Section 7.4, can be written
in the formulation for Table 7.2 with ST = {0 1} and ¢ = B. That is, Table 7.1 is a special
case of Table 7.2 where the linear manifold is azxis-aligned. One can verify that the expressions for
axis-aligned manifolds can be derived given our general expressions. Similar to the axis-aligned case
described in Section 7.4, the Gaussian obtained after inference onto a linear manifold is degenerate.

For marginalization, pmarg € R", Zmarg € R™*™, but rank(Xmarg) = n — m, inheriting the rank of
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the manifold. See Fig. 7.2 for a visualization.
Geometrically, the vector xo used in ftmarg and feond is the orthogonal projection of the origin
onto the affine manifold. We can see this by noting that the expression for x( corresponds to the

minimum-norm point satisfying the linear constraints, i.e.,
— ; 2 Ty —
X = argmin||x||® st. S'x=c. (7.2)
X

This interpretation also explains why xo appears in ftmarg and fteona: both means must lie on the
affine manifold, and are therefore composed of a feasible offset point, xg, together with directions
spanning the nullspace of ST.

Unlike in Table 7.1, there are no clear information-form representations for marginal and con-
ditional distributions on general linear manifolds; the resulting covariances are rank-deficient and
thus not invertible. If desired, one can presumably write the information-form expressions within a
subspace where the Gaussian is nondegenerate. However, the choice of subspace would then depend
on the application. In any case, the covariance-form results in Table 7.2 turn out to be sufficient for

our use cases described in Section 7.7.

7.5.4 Proof for Gaussian Inference on Linear Manifolds

We now prove the correctness of the expressions in Table 7.2 using coordinate transformations. We
use the ‘z-frame’ to denote the original frame, and the ‘y-frame’ to denote the new frame after our
coordinate transformation. We proceed in three main steps: 1) transform the Gaussian into a frame
where the linear manifold is axis-aligned; 2) apply Table 7.1 formulas to marginalize or condition the
Gaussian in this new frame; and 3) transform the resulting Gaussian back into the original frame.
The validity of this procedure follows from the fact that conditioning commutes with frame
transformations. That is, conditioning in the z-frame is equivalent to first converting the distribution
to the y-frame, then conditioning in the y-frame, and then converting the conditioned distribution
back into the z-frame. The same reasoning applies to marginalization, with the added requirement
that v € span S = H™'v € span H'S, where H is the frame transformation. In other words,
vectors orthogonal to the manifold in the xz-frame are still orthogonal to the manifold in the y-frame.

The transformation H used below satisfies this requirement.

Transform the Gaussian into an Axis-Aligned Frame

Let the transformation from the z-frame to the y-frame be y = H™'x, where y € R", H € R"X",
We break down y as

.
y= [yl yﬂ ; Ya €ER™, yg € R™. (7.3)

Let the transformation matrix be H = [Z S}. Note that since S has full column rank and
T ) . (ZTz)flzT
Z = null(S'), H is guaranteed to be full rank. Then, we can see that H™t = - T
(STS)~1!S
using the fact that STZ = 0.

Let the original Gaussian in the z-frame be p,(x) ~ N(pz,X:) = N1 (ne, A,), where the
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()2 subscript clarifies the parameters’ frame. In the y-frame, the Gaussian becomes p,(y) ~
N(py, Ey) = N~1(n,, A,), where

py=H ' p,, 2, =H'S,H T, (7.4a)
ny, =H'n,, A, =HTAH. (7.4b)

The linear manifold, STx = c, in the y-frame becomes

S"Hy=c = [0 87| || =c = ys= (") e (7.5)
ys
Thus, in this y-frame, the manifold is axis-aligned. We are now in position to apply the formulas in

Table 7.1 to marginalize or condition in the y-frame.

Marginalize or Condition in the Axis-Aligned Frame

For brevity, we omit denoting the manifold by using pmarg,«(X) for Pmarg: .,z (%) and peond,«(x) for
Peond: M,z (X) in the z-frame, and similarly in the y-frame. Using (7.0.1), the marginalized Gaussian

in the y-frame is Pmarg,y (y) ~ N(Hmarg,yv z:marg,y)7 where

(7.6)

Mmarg,y =

0 0

Mmarg,y,o » _
) marg,y —

(STS)"'c

Emarg,y,aa 0]
)

where, from applying (7.0.2), (7.0.3), and (7.4a), we have
Hmarg,y,a = Hy,a = (ZTZ)_lzTNGJ? Emargy,aa = Ey,aa = (ZTZ)_lzTEzZ(ZTZ)_l. (77)

We now move on to conditioning, whose proof is simpler by working with p,(y) in information form.
From (7.4b), we have

CmqT - |2 T | e _[zT=rz 2750S)  [Aves Aves] g
My M §Ty-1 ’ v Ty—-1 Ty—-1 T (7.8)
z Mz MNy,B S Ex Z S Zx S Ay,aﬁ Ay”gﬁ
We now apply (7.0.9) and (7.0.10) in Table 7.1 to obtain
Ncond,y,a = Zngl(u’x - S<STS)71C)7 Acond,y,oza = ZTE;1Z- (79)

Then, using (7.0.6), we get Peond,y(y) ~ N (Hcond,y» Zcond,y) for the conditioned Gaussian in the

y-frame, where

Mcond,y = (710)

Hcond,y,a _
(STS)_IC] ’ z]cond,y -

Zcond,y,a(x 0
0 0|’

-1
where Mcond,y,a = Econd,y,aancond,y,a and Econd,y,aa = Acond,y,aa'
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Transform the Gaussian Back into the Original Frame

To obtain pmarg,z(X) ~ N(Mmarg,m Ymarg,z), We simply apply the inverse transformation, x = Hy, to
Pmarg,y(y). This yields fmarg.c = Hitmarg,y and Simargz = HE parg , H' from inverting the transfor-
mations in (7.4a). After simplifying, the marginalized mean becomes (7.1.1), and the marginalized
covariance becomes (7.1.2). The procedure is similar for proving (7.1.3) and (7.1.4) for conditioning.

We have proven the results in Table 7.2, as desired.

7.6 Marginalizing and Conditioning Gaussians onto

Linearized Manifolds

Although we have generalized marginalization and conditioning to linear manifolds, many scenarios
involve nonlinear manifolds. Section 7.7 discusses several examples, including RCKL-SLAM from
the previous chapter, where the manifold is defined by nonlinear lifting functions, and constrained
GTSAM, where the manifold is often nonlinear from the problem setup. Unlike the case with linear
manifolds, the distributions obtained by marginalizing and conditioning Gaussians onto nonlinear
manifolds are no longer Gaussian. Nevertheless, we will show in Section 7.7 that Gaussian approx-
imations of these distributions are often sufficient in many applications. Below, we describe our
approximation method, followed by a theoretical justification through interpreting our method as

Laplace’s approximation in constrained settings.

7.6.1 Approximation Method

We now describe our approximation method for marginalizing and conditioning Gaussians onto
nonlinear manifolds through local linearization. Let the original Gaussian be p(x) ~ AN (u,X)
and the manifold be M : f(x) = 0, where f(-) is nonlinear but differentiable. We approximate
Pmarg:M (X) and peond:m(x) by operating on a tangent plane of M. We first find a linearization
point by projecting p onto the manifold: fi = gaq(p). Note that in many optimization settings, p
corresponds to the constrained solution and thus is already on the manifold. In this case, projections
should not shift the mean. That is, if f(u) = 0, then 1 = gpm () = .
We then construct a tangent plane at g, given as
TaM:STx=c, whereS = of ,c=S"h. (7.11)
oxT| 4

Since T3 M is linear, we can then apply our Table 7.2 formulas to marginalize or condition p(x) onto
Tz M. Since fi lies on the tangent plane by construction, neither marginalization nor conditioning
shifts the mean under the linear formulas in Table 7.2. Thus, after projecting the mean onto the
manifold, only the covariance requires updating. The resulting distribution is still over 7j; M rather
than M. Thus, we construct a local chart around f based on a retraction method [110], and then

map the distribution support from T3 M to M. See Fig. 7.4 for an example.
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Figure 7.4: Visualization of conditioning a Gaussian onto a nonlinear manifold in an optimization context.
Top: in many optimization settings, the constrained solution is approximated as a Gaussian with its mean
already on the manifold. Middle: the Gaussian is conditioned onto the tangent plane linearized at the mean,
yielding a constrained Gaussian approximation on the plane. Bottom: the conditioned Gaussian is retracted
back onto the nonlinear manifold. In optimization settings, this conditioning procedure corresponds to
finding Laplace’s approximation of the constrained likelihood.

7.6.2 Theoretical Interpretation as Laplace’s Approximation

We show that this approximation method has an interesting theoretical interpretation—conditioning
the Gaussian solutions of optimization problems onto linearized constraints can be interpreted as
Laplace’s approximation. To see why, first note that many unconstrained optimization problems aim

to find the MAP point of a likelihood function, p(x). The setup is typically x* = argmin, [- log p(x)].

82 log p(x .
—ﬁf:—(r) X+ . ThlS

is really approximating p(x) with a Gaussian, q(x) ~ N(x*,X), which corresponds to Laplace’s

Optimizers find the optimum point, x*, along with a local covariance, ¥ =

approximation [75] of the (unconstrained) likelihood. Meanwhile, constrained optimization problems
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are often set up as

Xrond = ar%r?jn[— log p(x)] = argmin[- log pcona (X)], (7.12)

where peond(x) = p(x | f(x) = 0) is the likelihood conditioned on the constraints. On-manifold

*

*nd» and its local unconstrained covariance, X' =

optimizers find the constrained optimum point, x

9% 1 .- . . . .
—#}f#’ﬂxfo r When we condition X’ onto the linearized constraints, we are finding

_ 9*logp(x | f(x) =0) __ 0?10g peond (%)
Peond =~ 5 T e v | I (7.13)

Xcond Xcond

This shows that we are approximating peonda(x) with a Gaussian, geond(x) ~ N (X% 4> Zcond), COI-
responding to Laplace’s approximation of the conditioned likelihood. Thus, many unconstrained
optimization problems already admit a probabilistic interpretation as Laplace’s approximation, and

our method extends the same interpretation to constrained settings.

7.7 Applications

Having described our procedures for marginalizing and conditioning Gaussians onto linear and non-
linear manifolds, we now present three robotics applications: 1) using marginalization to approximate
the projected normal distribution used for modeling angular uncertainty; 2) using conditioning to
reinterpret the covariance extraction procedure of RCKL-SLAM from the previous chapter; and 3)

using conditioning to extract covariances in constrained GTSAM.

7.7.1 Approximation of the Projected Normal Distribution

In this section, we illustrate marginalizing a Gaussian onto a typical nonlinear manifold, and we
compare our approximation with the true marginal. In robotics, we are often interested in modeling
angular uncertainty [111, 112, 113|. Angles and other directional data are modeled with directional
distributions, including von Mises distributions [114] and projected normal distributions [115]. The
general projected normal distribution [44] is the result of projecting (i.e., marginalizing) a Gaussian
onto a unit circle. Given a Gaussian, p(x) ~ N (u,X), the analytical expression of the marginal
density function, p( | p,3), is presented in [44].

We compare our linear approximation with the analytical marginal in Fig. 7.5 for three Gaussians
with increasing noise. Following our procedure in Section 7.6, we first set a linearization point by
projecting p onto the circle based on the minimum Euclidean distance. We then marginalize the
Gaussian onto the tangent plane. To evaluate against the analytical marginal [44], we retract this
marginal onto the circular manifold [116]. We then use the Kullback-Leibler (KL) divergence [117]
between the retracted marginal and the analytical marginal to evaluate our approximation quality.

In Fig. 7.5, our approximation is close to the analytical marginal, especially for Gaussians with
lower covariances. We see this visually and through inspecting the KL divergence values. This is
expected since our approximation is exact for linear manifolds. Increasing either the curvature of
the manifold or the noise level of the Gaussian increases the problem nonlinearity. However, for

slightly nonlinear cases, our approximation is sufficient.
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Figure 7.5: Approzimating the projected normal distribution [44]. The analytical marginal (pink) is the
approximation target. The top figures show Gaussians (dark blue) marginalized (light blue) onto the tangent
plane (orange), and the bottom figures show the retractions (green) of these tangent marginals onto the unit
circle. Each column corresponds to a different Gaussian covariance, as indicated by the different |3| values.
The retracted marginals are generally close to the analytical marginals. Dxkr,, the KL divergence between
the analytical marginal and the retracted marginal, is especially small when |X| is low.

In this case, the analytical expression of the marginal is known, allowing us to directly verify the
correctness and behavior of our approximation. However, the primary use of our method is in settings

where analytical inference expressions are unavailable. We now consider two such applications.

7.7.2 Covariance Extraction in Koopman-Inspired Estimation

We begin with a familiar problem: covariance extraction in RCKL-SLAM from Chapter 6. We rein-
terpret these covariance expressions through the lens of Gaussian conditioning, showing that these
expressions, originally derived in the context of SQP, can be understood as conditioning operations
and thus as instances of Laplace’s approximation. We also present an additional RCKL-SLAM
experiment to validate the consistency of the resulting covariance estimates. Together, these re-
sults show that although constraints complicate covariance extraction in optimization problems, our

approximation is theoretically justified and can be empirically effective.

Reinterpreting RCKL-SLAM Covariance Formula as Conditioning

As a reminder, the RCKL framework lifts the original system into a high-dimensional space by
augmenting the state with nonlinear features. The mean and covariance estimates of robot poses

and landmark positions are obtained through optimization, with the optimal solution approximated
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as a high-dimensional Gaussian. As discussed in Section 6.7, feature constraints are often necessary
when the model subspace is not Koopman-invariant. We solve for the constrained mean estimates
using an SQP solver, then solve for the constrained covariance estimates via the expression (6.35).
This expression was derived specifically for constrained weighted least squares, where the covariance
appears as a block of the inverse KKT matrix [43] (see Appendix C.1.5 for details).

We now make the key observation: the covariance expression (6.35) from Chapter 6 is equivalent
to the conditioning expression (7.1.4) derived in this chapter. This equivalence is natural and
admits a simple interpretation. RCKL-SLAM’s covariance formula corresponds to conditioning
the unconstrained covariance, obtained from a Gaussian approximation of the distribution at the
constrained mean, onto the linearized constraints. As mentioned in Section 7.6, this corresponds to
Laplace’s approximation. More generally, this interpretation extends beyond constrained weighted
least squares to any setting in which the unconstrained solution is approximated as a Gaussian.

From this example, we also see that covariance computation can remain efficient when X~ and
Z in (7.1.4) exhibit exploitable structure. In ROKL-SLAM, X~ for the long trajectory in Fig. 7.6
has dimensions on the order of 50,000 x 50,000, making direct inversion impractical. By leveraging
its block-tridiagonal structure along with the structure of Z, we obtain a sparse solver that scales
linearly with the number of timesteps. See Appendix C.1.4 for details. As a result, the covariance

for the 200-second trajectory in Fig. 7.6 is computed in about 10 seconds.

RCKL-SLAM Experiment

We verify the validity of RCKL-SLAM’s covariance estimation on the experimental dataset “Lost in
the Woods” from [32]. This is the same setup as Experiment 1 (Section 6.9.3) in the previous chapter,
but we use different trajectory segments and landmark selections to better evaluate the quality of
the resulting covariance estimates. As a reminder, the wheeled robot operates in an indoor 2D
environment containing 17 cylindrical landmarks. The robot measures translational and rotational
velocity using a wheel odometer and yaw-rate gyroscope, and measures landmark ranges using a
laser rangefinder. Groundtruth trajectories are recorded using a Vicon motion-capture system.

As in the previous chapter, the 20-minute dataset is split into training and testing since RCKL-
SLAM is data-driven. Models are trained using 5/6¢ of the trajectories and measurements from
14 landmarks, with data augmentation applied through translational and rotational transforma-
tions [97]. Testing uses the remaining 1/6 of the trajectories and measurements from the remaining
3 landmarks.

Unlike the previous chapter, the test landmarks selected here are clustered in the right half of
the environment. The test trajectory is a 200-second segment containing two traversals into the
left half of the environment, where the robot is farther from the landmarks and measurements are
sparser. This setup allows us to evaluate the covariance estimates under varying landmark densities
and measurement availability. To evaluate consistency, we use di;aj, the normalized trajectory-level
Mahalanobis distance, defined in (6.46).

The covariance estimates of RCKL-SLAM are fairly consistent. Quantitatively, d;s; = 1.50, indi-
cating that the estimator is slightly overconfident. For comparison, we use the model-based baseline
MB-SLAM from the previous chapter, which corresponds to classical nonlinear batch SLAM opti-
mized using Gauss-Newton [1, §8, 9]. For this trajectory, MB-SLAM yields di;»; = 1.85, indicating
that it is more overconfident, and therefore less consistent, than RCKL-SLAM. Qualitatively, the
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Figure 7.6: Visualization of the RCKL-SLAM output, showing its mean states and mean landmark positions
compared to the groundtruth. The green regions and the grey regions are, respectively, the 30 covariances
of the trajectory and of the landmarks. The trajectory and landmark estimates are generally within the
estimated 30 bounds, suggesting that the covariances are consistent.
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Figure 7.7: Error plots for RCKL-SLAM. The solid lines represent the errors of the estimated trajectories,
and the shaded regions represent the estimated 30 bounds. The errors are generally within the 30 bounds,
suggesting that the covariance estimates are consistent.

RCKL-SLAM estimates are generally within the 30 bounds in both Fig. 7.6 and Fig. 7.7. Notably,
the trajectory covariances are larger when the robot is farther away from the landmarks. In Fig. 7.6,
the trajectory on the left half has larger covariances than that on the right half. In Fig. 7.7, the
two trips to the left half at around 20 seconds and 130 seconds led to larger covariances in y. This
behavior supports the consistency of our covariance estimates, since when the landmarks are farther

away, measurements are sparser and distances are less reliable for triangulating robot positions.
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7.7.3 Covariance Extraction in Constrained GTSAM

Our final application considers covariance extraction for constrained GTSAM algorithms, represent-
ing a more practical robotics setting than the previous two applications. Unlike in the previous two
examples, here our conditioning framework enables covariance extraction in a setting where it was
previously unavailable. We first introduce the constrained GTSAM formulation, then present an

experiment evaluating the consistency of the resulting covariance estimates.

Constrained GTSAM Formulation

On-manifold optimizers are prevalent in robotics but often make covariance extraction difficult.
This is the case for constrained GTSAM algorithms including Incremental Constrained Smoothing
(ICS) [40] and Incremental Constrained Optimization (InCOpt) [41]. The original unconstrained
GTSAM [30] performs incremental smoothing and mapping by updating the affected factors in the
factor graph as new information arrives, effectively updating the batch information matrix. As a
result, the unconstrained covariance can be computed as a byproduct of solving for the mean [86].
Constrained GTSAM, however, no longer directly provides covariance estimates due to the added
hard constraints. Using the framework developed in this chapter, we can restore this capability by
conditioning the unconstrained covariance onto the linearized constraints. Similar to Section 7.7.2,
we apply (7.1.4), where 7! is the unconstrained batch information matrix and Z spans the nullspace
of S, the linearized constraints.

This procedure can also be implemented efficiently. Both X! and S are already maintained
while solving for the state mean, allowing 3..nq to be computed largely as a byproduct. Moreover,
constrained localization and SLAM problems often involve structured constraints, such as constraints
that do not couple distant timesteps. In these settings, the SLAM information matrix has an
arrowhead structure [1], while S and Z are block diagonal. Consequently, sparse solvers similar to
those used in RCKL-SLAM can be used to efficiently compute X.onq in (7.1.4).

Constrained GTSAM Experiment

We evaluate our covariance estimates of InCOpt using the “2D Planar Pushing” scenario described
in [41]. A circular probe pushes a box across a plane. The box is constrained to be in permanent
contact with the probe. Given noisy box odometry, noisy contact measurements, and a perfectly
known trajectory of the probe, InCOpt estimates the mean trajectory of the box. Then, we use (7.1.4)
to extract the trajectory covariance. See Fig. 7.8 for a visualization.

To evaluate consistency, we use diraj from (6.46). Note that diraj cannot be computed in SE (2)

-1

cond €xists. We also

space since Xconq is rank-deficient. Instead, we compute diraj in Tz M, where 2
need 6¢, the error between the groundtruth and the mean, in T3 M. We first compute the error in
M, then map this error from M to Tz M through an inverse retraction method. In this case, M
can be written as a kinematic chain [118] consisting of a revolute joint («) followed by a prismatic
joint (d), assuming that the box does not slide past a corner. We parametrize poses on M with
x = h(a,d). Then, Tz M is parametrized with %b,d and %L&,J' To find §¢, we first write the
error on M in terms of (A, Ad), then map this error onto Tz M. With this, we can compute diraj-

Qualitatively, we see in Fig. 7.8 that the estimated covariance aligns with the geometry of the

contact constraint. The uncertainty is concentrated primarily along the tangential direction of the
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Figure 7.8: Visualization of the InCOpt (constrained GTSAM) output. The arrows represent the box’s end
poses. Throughout the trajectory, the box is constrained to remain in contact with the circular probe. The
estimated covariance is visualized using its 3o contour. Due to the contact constraint, the covariance ellipse
is highly eccentric, appearing nearly one-dimensional.
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Figure 7.9: Mahalanobis distances (diraj) of 100 trials of InCOpt at different odometry noise levels. At lower
noises levels, diaj &~ 1, signifying that the covariance estimates are consistent. As the noise level increases,
diraj > 1 more often, signifying that the covariance estimates are generally more overconfident.

contact surface, resulting in a highly eccentric covariance ellipse. This behavior is consistent with
the intuition that the contact constraint removes most of the positional uncertainty orthogonal
to the probe surface. Interestingly, the positional covariance does not collapse completely in this
direction. Although the box position is constrained by contact, uncertainty in the box orientation
still induces small positional variations normal to the surface. When visualized through the marginal
position covariance in the Cartesian plane, these variations produce a small but nonzero covariance
in the orthogonal direction. Thus, while the full constrained covariance remains rank deficient in
the ambient state space, its Cartesian position marginal retains a small but nonzero variance in the
normal direction rather than collapsing to a line. For a visualization of this scenario in action, see
the video at https://youtu.be/084uAMSZ-JI?si=KIAL3R--sj1NLYko&t=205.

For quantitative evaluation, we repeat the experiment for different levels of odometry noise,

with 100 simulated trajectories at each noise level, and measure di,;. In Fig. 7.9, we see that


https://youtu.be/O84uAMSZ-JI?si=KIAL3R--sj1NLYko&t=205
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the covariance estimates are fairly consistent at lower noise levels, but become overconfident at
higher noise levels. This trend is expected; larger noise is more amplified by the nonlinearity of the
estimation problem, and thus decreases the quality of our linear approximation. Nevertheless, our

approximation is sufficiently consistent at lower noise levels.

7.8 Conclusion

This chapter extends the application of marginalization and conditioning from axis-aligned manifolds
to general smooth manifolds. It provides closed-form expressions for marginalizing and conditioning
Gaussians onto general linear manifolds, and proposes a tangent-plane approximation for nonlinear
manifolds. We have presented three applications of our theoretical contributions: approximating the
projected normal distribution, covariance extraction in Koopman-inspired SLAM, and covariance
extraction in constrained GTSAM.

For future work, more accurate techniques could be developed for marginalizing and conditioning
onto nonlinear manifolds, possibly with sigma points [119, 120]. Covariance extraction in applica-
tions with constrained settings has received limited attention to date, and perhaps this work could
stimulate further exploration.

More broadly, this chapter places the covariance estimation methods used in Chapter 6 within
a more general probabilistic framework. What initially arose as a practical question of uncertainty
estimation for constrained lifted SLAM led to a broader interpretation as Gaussian marginalization
and conditioning onto linearized manifolds. The resulting framework extends beyond the specific
estimation problems considered in this thesis and may prove useful in other applications involving

equality-constrained optimization and inference.



Chapter 8

Conclusion

In this thesis, we investigated how learned models can be incorporated into probabilistic state es-
timation while preserving the structure that enables efficient and principled inference. Classical
estimation methods rely heavily on process and measurement models, yet deriving such models ana-
lytically can be difficult in many robotics applications due to complex sensing modalities, nonlinear
dynamics, and modeling uncertainties. While data-driven approaches offer an attractive alternative,
learned models are often difficult to integrate into existing estimation frameworks because they may
not preserve the structure exploited by classical inference algorithms.

To address this challenge, this thesis explored Koopman-inspired lifting as a framework for com-
bining learned representations with probabilistic state estimation. By learning lifted representations
that preserve useful inference structure, the proposed methods retain many of the mechanisms under-
lying classical estimation, including efficient system identification and inference as well as principled
uncertainty quantification. We first demonstrated that learned lifted measurement models can be
incorporated into classical filtering architectures while preserving their underlying inference struc-
ture. We then extended lifting to both process and measurement models, enabling data-driven
batch state estimation with learned dynamics and observations. Building on these ideas, we devel-
oped lifted localization and SLAM frameworks, uncovering and addressing new challenges associated
with large-scale estimation in lifted spaces. These challenges raised fundamental questions regard-
ing uncertainty estimation in constrained systems, motivating a general framework for conditioning
and marginalizing Gaussian distributions onto linearized manifolds. The resulting theory provides a
probabilistic interpretation of uncertainty estimation in equality-constrained optimization problems
and extends classical Gaussian inference to constrained estimation settings.

More broadly, the results of this thesis suggest that learned models and probabilistic estimation
need not be viewed as competing paradigms. By designing learned representations that preserve
useful inference structure, it is possible to combine the flexibility of data-driven modeling with the
strengths of classical estimation, including computational efficiency, interpretability, and principled
uncertainty quantification. We hope that the ideas developed in this thesis help bridge the gap
between data-driven modeling and probabilistic state estimation, and encourage further exploration

of structured learning approaches for robotics.
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8.1 Future Work

Throughout this thesis, lifted representations are constructed using handcrafted feature classes and
large collections of random features. An important direction for future work is the development of
more principled methods for selecting or learning informative lifted features. Sparse model discovery
or feature selection methods such as SINDy [68] may help identify compact lifted representations
that improve efficiency and estimation performance. Such methods may also improve interpretability
by identifying the features most relevant for estimation.

Another interesting direction is understanding how lifting affects the optimization landscape of
estimation problems. The lifted localization and SLAM experiments of Chapter 6 suggest that lifted
formulations may be less susceptible to poor local minima than their nonlinear counterparts. This
raises a broader question regarding the role of lifting in nonlinear estimation. A deeper theoretical
understanding of when and why this occurs, and whether lifting can provide stronger guarantees
regarding global optimality, remains an open problem. One possible connection is to certifiable
estimation [121], where related lifting-based relaxations can sometimes provide guarantees of global
optimality. It would be worthwhile to examine whether Koopman-inspired lifting can admit similar
guarantees.

A further open question is how much lifted structure is required to obtain the benefits of
Koopman-inspired estimation. Chapter 6 explores one extreme through the RCKL framework, which
propagates only the original state variables rather than the full lifted state. While this improves
robustness and computational efficiency, it suggests a tradeoff between retaining lifted dynamics
and maintaining estimation stability. Future work could investigate hybrid formulations that retain
selected lifted variables within the process model, potentially combining the modeling flexibility of
full lifted dynamics with the robustness of reduced lifted representations.

Finally, Chapter 7 focuses on equality-constrained estimation problems. Extending the proposed
framework to inequality constraints remains an open question. Such constraints arise naturally in
many robotics applications and would significantly expand the scope of the proposed inference frame-
work. More broadly, probabilistic inference for constrained systems remains relatively unexplored
and warrants further study. Together, these directions point toward estimation frameworks that are

not only accurate, but also sufficiently reliable in the presence of real-world noise.
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Chapter 4 Supplementary Materials

A.1 Measurement Jacobian for SE5(3)

This section is referenced in Section 4.4.1. We derive the measurement Jacobian used in the EKF
measurement update. Dropping the timestep index k, consider a measurement model of the form v =
g(€&,m) defined in (3.1b), with the state quantities defined in (4.2) and the error-state perturbation
defined in (4.4). Following the standard right-multiplicative EKF formulation on Lie groups, we

linearize the measurement model about a nominal state £ = (T, b) and zero measurement noise:
Y=7+0y, oy=g(£0) g 0)~H(E) S, (A1)

where the measurement Jacobian is defined as

HO = G| = gEEeico se o) (A2)
Dropping the (-), the Jacobian can be written in block form as
H(¢) = [HQ H, H, Hb] e R™X15, (A.3)
with
Hy = aaig [vec(CSm) vec(CS,) Vec(CSz)] e R™<3, (A.4)
vec(C)
H, = g—% eER™3 H, = Z—f CeR™?, H,= g—i € RO, (A.5)

Here, S;, Sy, and S, denote the standard skew-symmetric basis matrices of s0(3) [33].
In the common case where the measurement depends only on the pose variables (C,t), the
Jacobian reduces to

H(é):[Hg H} E, E= (A.6)

13 03 03 O3
0; 03 13 03]’

where E selects the orientation and position components of the error state.
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B.1 Detailed Sketch that KoopSE is Kernelized

This section is referenced in Section 5.8.1. Our goal is to show that KoopSE uses the RKHS
quantities only in their kernelized forms. For training, the lifted training points are used to compute
the bilinear system matrices in (5.11). Using SMW identities, we can write the analytical solution
of (5.20) for A, B, and H, as well as an alternative expression for D:

1 1
A=—X,LX, B=—X LU, (B.1a)
TA B

(B.1b)

1 T T 1T

H = EX(+)LV y D = Y (X(+)X(+) + TD].) X(+),
-1

where L = (%XI)X(,) + %UTU + iVTV + 1) . This solution is not used in practice because

it involves inverting P x P matrices, where P is the amount of training data. Since X, and X,

are both constructed from lifted training states and typically span similar RKHS subspaces, we drop

the distinction between them and use X for notational simplicity in the remainder of this proof.

Then, the solutions can be written in the generic kernelized form:

A=XW,XT, B=XW53U', (B.2a)
H=XWyV', D=YWpX', (B.2b)
Q=XWuX" +791, R=YWZRY' 4751, (B.2¢)

where W4, Wg, Wy, Wp, Wg, Wg are some kernelized matrices.
At test time, we assume that the initial condition, new control inputs, and new measurements

can be written as linear combinations of those seen in training:

X0 = XWz,0, (B.3a)
uk:Uwu’;w k:17...,K, (B3b)
Ye=Ywyi, k=0,...,K (B.3c)
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100

for weights w3 o, Wy i, and wy, . Looking at the definition of Aj_; in (5.23), we notice that

H(u,®1)=XWy(UoX) (u,®1)

[(u] ©x])(up ©1)
— XWy :
[(up ®xp)(up ®1)
[(u]up) @ 1)x]
- XWy :
[((upur) @ 1)xp
[(ufu) ®1
— XWy
i (upuy
= XWg X',

(B.4a)

(B.4b)

(B.4c)

X' (B.4d)
)®1
(B.4e)

where Wy . is the product of Wy and the kernelized block diagonal matrix in (B.4d). Then, for

k=0,.. . K,

where

A, 1 =A+ H(u]€ & 1) (B5a)
=XW, X" +XWy, X" (B.5b)
= XW X7, (B.5c)

vy = Buy (B.6a)

= (XW35U")(Uw, 1) (B.6b)

- XW’U,]{H (B6C)
War=Wi+Wgp, wop=WgU Uw,, (B.7)

are clearly kernelized. Now, the solution to (5.24) is exactly solved by the RTS smoother [1].

We can then look at the structure of the estimated state means and covariances of the forward

pass, then of backward pass, through induction. We outline the setup below. Let {%. s, Py s,

{Xp. 1, Pr s}, and {X, P}, denote the means and covariances of the forward pass prior (i.e.,

dead reckoning), forward pass posterior (i.e., Kalman filter), and the backward pass (i.e., smoother

solutions), respectively. For the forward pass, the initial condition is

%o =Xwzo, Po=Q=XWpX' +71. (B.8)
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Suppose at timestep k, the priors have the form
X =XwWap, Pr=XWp, X'+ 1, (B.9)

for some kernelized matrices wy iy and Wp fXT and scalar ¢y, r. Then, going through the forward
pass and using the derived kernelized structures for A;_1, D, Q, R, vk, and yy, it is straightforward
to show that

Xp = Xwar s Pr=XWp, X'+, (B.10)
and then that
Xip1 = XWagit s Prpr = XWp o X7+ Gy gl (B.11)

with the same matrix structures. The proof setup is similar for the backward pass. Through these
induction processes, we can show that the mean and covariance outputs from the forward pass prior,

forward pass posterior, and the backward pass all have the structure, for k =0,..., K,
%y = Xwip, Pr=XW; X' +¢1, (B.12)

with kernelized matrices w; ;, and W, and scalar c,. We substitute these expressions for X; and
P}, into (5.29), yielding

£ =EX "X +7,1) 1 XT (Xw, 1), (B.13a)
3 =EX"X 4+ 7,1) 1 XT(XWp X" 46, 1)X(X"X +7,1) 12T, (B.13b)

We can see that the results for ék and 3y, the states and covariances in the original space, are
indeed kernelized. Therefore, from input to output, the algorithm only uses RKHS quantities in

their kernelized forms.



Appendix C

Chapter 6 Supplementary Materials

C.1 Solving UKL-Loc with the RTS smoother

This section is referenced in Section 6.6.1. Here, we outline the process of applying the RT'S smoother
to the system in (6.17) to solve UKL-Loc. This may be a more efficient solution process than the
sparse Cholesky solver. Note that the two methods are algebraically equivalent [1, §3].

With the landmarks given, we convert the measurement model to be linear-Gaussian using the

same trick as in the process model. Observe that
£ @xp = (£ @ 1)xp = (1 ®xp)4;. (C.1)

With this, we can rewrite the measurement equation at each timestep k by stacking the measure-

ments, yx, and defining matrices, D’ and R’ as

T T T / T T—r l :
ve=|yl, o ¥lv] . D'=|D@e1) . DEye1)’| , R -dagR,....R)

| (C.2)

where yy, is filled with known values of the landmarks and R/ is R stacked diagonally V times. The

system in (6.17) can then be written as

X = Ap_1Xp_1 + Vi + W, k=1,...,K, (C.3a)
ykzD'xk+nk, k=0,...,K, (C?)b)

where wi, ~ N (0,Q), n; ~ N(0,R’). If any measurement is missing, we can make D’ and R’ be
time-varying and omit the corresponding entries when constructing yx, D}, and R}.. In any case, we
have converted the bilinear time-invariant system in (6.7) into a linear time-varying (LTV) system.
We can then apply the standard RTS smoother [1] to (C.3) to solve for the states in O(N3KV) time.
The output is x5 ~ N (X, lf’,gk)7 where X, is the state mean and f’ka is the covariance at timestep
k, for all £ = 0,..., K. In contrast to KoopSE in Chapter 5, by using a measurement model that
is individually applicable to each landmark, we have generalized localization to environments with

new landmark positions.
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C.1.1 Gauss-Newton Setup for UKL-SLAM

This section is referenced in Section 6.6.2. We use Gauss-Newton optimization to solve (6.23) for x

and £. Given an operating point, gop, the Gauss-Newton approximation of (6.21) yields

1
J(a) = J(gop +0q) = J(gop) — g 3q + 50q" Fég, (C.4)
where
F=H'W'H, g=H"W'e(q,), (C.5a)
) “A, 1

Al 0
H = R 1471 = , (C5b)

G. Gq

~Ax_1 1
.
Ga = ding(G,- -, Gxir), Ge= |Gl -+ G| (C.5¢)
T

Gy = {G;k,l G;ky} ;G =diag(Geg,---, Gerv), (C.5d)

where, using (C.1), the measurement Jacobians are

oy, j
ox

Gxkj = =D(lp,; ®1), Geryj =

Xop, kLop,j

= D(1®xops).  (C.6)

Xop,kLop,j

Note that F' is at least positive semidefinite when Q and R are positive definite, and F' is positive
definite when the lifted system is observable [1]. Observability of the lifted system depends on the
test data and the Jacobians in H [122]. We found that in simulation and experimental testing, when
UKL has a good initialization, F is positive definite and successful convergence of the Gauss-Newton
algorithm is realized. See Section 6.7.3 for an initialization procedure. This empirically suggests
that when the original system is observable, the lifted system is also observable once given good
priors in (6.14b), reasonable lifting functions, and sufficient training data. An interesting avenue for
future work is explicitly enforcing observability when learning A, B, H, and D.

The optimal update, dq, satisfies
Fig=g, (C.7)

where we can solve for dg by following the standard approach for classical batch SLAM [1]. As we
will see in Appendix C.1.2, the complexity of solving (C.7) is O(N3(V3+V2K)) when we have more
timesteps than landmarks, or O(N3(K?3 4+ K?V)) when we have more landmarks than timesteps.

As mentioned in Section 6.6.4, we can easily accommodate missing or known variables. If yy, ; is
missing, we simply remove ey  ; from the cost and delete the corresponding blocks in R Gy,
and Ggy. If x, or £; is already known, we modify (C.7) to incorporate the known variable by
setting x;, or £; to its value, removing it from the list of variables in g, and moving its corresponding
equation in F'éq to the right-hand side as part of g.

The CKL-SLAM problem (6.31) contains the same objective function as UKL-SLAM (6.23). As
we will see in Appendices C.1.3 and C.1.4, CKL-SLAM’s solution process uses the same Gauss-

Newton approximation as described above. The case is similar for RCKL-SLAM, where owing to its
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-1
0
slightly modified cost function (6.45), the only required changes are to replace Q1 = lQé 0]

Ag e
in (6.22b) and Aj_; = [ 53“ 11 in (C.5b).

C.1.2 Solving UKL-SLAM in Linear Time

This section is referenced in Section 6.6.2. Although the linear system in (C.7) is very large, it
can be efficiently solved with Cholesky factorization and by exploiting sparsity patterns. F' has the

structure

p_[ATQTAT L GIRG. GIRGY| _[Fe Fu (C8)
= GzRfle GZRilGl B FJe Fe ’ '

which exhibits the usual SLAM arrowhead pattern where F}, is block-tridiagonal and Fj is block-
diagonal [1]. As discussed in Section 6.6.2, F' is usually positive definite. Then, when we have more

robot poses than landmarks, we can use the lower-Cholesky decomposition on F',

L, O
Ly, L

Ly Ly,
0 L]

L.L] LmL;e

F =
LweL—wr LwZL;—crz —+ LgL;r

; (C.9)

L LT
where we can use the fact that Fj; is block-tridiagonal to efficiently compute the nonzero blocks
in Lgs (see [1, §3]), and then compute Lgp and Lge. For the right-hand side of (C.7), g has the
structure

(C.10)

g — HTW-le, - [A—TQ—lev,op + G;,[R—ley,op] _ [ w] |

Tp—1
G, R "eyop ge

which we can efficiently compute using the appropriate blocks. The solution process for (C.7)
consists of first solving Lp = g for a placeholder variable p using forward substitution, then solving
L7 § = p for g using backward substitution. Thus, (C.7) can be solved without ever constructing the
large sparse system, instead working only with the required blocks. The exact solution for ¢ can be
computed in O(N3(V3+V?2K)) time. On the other hand, if we have more landmarks than poses, we
can use the upper-Cholesky decomposition with a similar procedure, solving in O(N3(K?3 + K2V))
time. See [1, §9] for an example.

After iterating until convergence, we can also efficiently compute the covariances of the system.
To find Py ; and Pe’j, we compute the diagonal blocks of F~!. Since P, = F = LLT [1], we can
use [123] to compute only the blocks of F~! corresponding to the nonzero blocks of L. This can be
done without raising the computational complexity of SLAM given the sparsity pattern of L present
in SLAM problems [124]. The final output is xj ~ N (Xx, Pxi), £ ~ N (£, Pe;).
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C.1.3 Formulating the SQP for (R)CKL-SLAM
This section is referenced in Section 6.7.2. We formulate an SQP [28] to solve (6.31). The Lagrangian
is L(q,\) = J(q) — AT h(q), where

A=[Al ,\}]T, A= AL ,\;K}T, A=A ,\;V]T (C.11)

are the Lagrange multipliers. Using the same matrix structures as (C.5), we can write the Jacobian
of the Lagrangian at an operating point, q.p, and Agp, as %MOP =—g-— ST)\Op, where g is defined
in (C.5), and S is the Jacobian of the constraints, defined as

S = Z—Z = diag(Sg, Se), Sz =diag(Sx1,...,9x.k), Se=diag(Se1,...,Sev), (C.12a)
dop
Ohy (x) Ohye(€)
o ’ o 12
5 * ox Xop,k Se,] oe Lop,j (C b)

Note that S is block-diagonal owing to the blockwise structure of the constraints.
We use a generalized Gauss-Newton approximation of the Hessian of the Lagrangian [43, §2], [99,

§3.2], which simply corresponds to the Gauss-Newton approximation of the objective function:

qop aq qop 8q dop

where F' is defined in (C.5). In contrast to the full Hessian of the Lagrangian, which may be

0%L
0qdq™

indefinite, the Gauss-Newton approximation is guaranteed to be at least positive semidefinite. The
condition for a valid descent direction from the SQP is that the reduced Hessian, or the Hessian
projected onto the tangent space of the constraints, is positive definite [28, p. 452]. With our Gauss-
Newton approximation, the reduced Hessian is at least positive semidefinite. It is also empirically
full rank in our experiments, thus meeting the SQP’s requirement. See Appendix C.1.4 for more
discussion on this condition.

We now follow the procedure in [28] to set up the SQP system of equations at each iteration as

F ST
S 0

g+ Aop
—h

dq
—6A

, (C.14)

then update the operating point of the primal variable and the multiplier as gop + gop + @dg and
Aop < Aop + @0, with an appropriate step size a. We find o using a backtracking line search with

an acceptance criterion [28],

q, (C.15)

dop

oJ
$1(qop + adq, i) < $1(qop, 1) + g

where n € (0,1), p > 0, and

¢1(q, 1) = J(q) + pllh(@)|lx (C.16)

is the £1 merit function.
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We can now solve for (dq,d\) and iterate to convergence, yielding (g*, A*). We then recover the
mean estimates in the original space, C:“ , by picking off the top blocks of the lifted estimates in g*.
Although the linear system in (C.14) is quite large, as we will see in Appendix C.1.4, we can solve it
efficiently by exploiting the SLAM arrowhead structure in F' and the block-diagonal structure in S.

C.1.4 Solving (R)CKL-SLAM in Linear Time

This section is referenced in Section 6.7.2. We efficiently solve the large linear system in (C.14) for
6q and d, and also describe the requirements on the SQP Hessian for valid descent directions. We
define t = g and v = A for brevity.

We solve the SQP with the nullspace method [28]. This method is recommended for systems
with few degrees of freedom in the free variables. For our system, this number simply corresponds to
the degrees of freedom of the original system in (6.1), since the rest of the variables are lifted from,
and thus constrained by, the original variables. As we will see, (C.14) can be solved in the same
time complexity as the unconstrained problem: O(N3(V3 + V2K)) when we have more timesteps
than landmarks, or O(N3(K?3 + K2V')) when we have more landmarks than timesteps.

We break down ¢t and v as
T T T
t:[t; tﬂ , tm:[tl’l tI,K} , te:[tzl th] : (C.17a)

v=[ol o] . w=[I e v owe= [ ] (C.17b)
Let Z = null(S) be a matrix whose columns form a basis for the nullspace of S, where S is defined
in (C.12). Then, span(Z) represents the tangent space of the linearized constraints. Let T be a
matrix that completes the basis for Z, meaning that the square matrix [Z |T} is full rank. Note
that one choice for T that contains the desired block-diagonal sparsity structure is simply T' = ST .
However, other choices of a block-diagonal T are just as efficient, and fixing T'= ST in particular
does not simplify any future computations. Rather, this restriction could limit a user from freely
constructing T to resolve any numerical issues that may arise. Thus, in this section, we kept T as
a separate entity from S, in the same spirit as how the nullspace method is presented in [28].

Since S is block-diagonal, we can choose a block-diagonal construction of Z and T as

Z = diag(Zy, Ze), Zy =diag(Zxa,...,Zx k), Zg¢=diag(Zea,...,Zsyv), (C.18a)

T = diag(Tw, Tg), Tw = diag(TxJ, ey Tx,K); Tg = diag(Tg,l, vy TZ,V)’ (Cle)
where

Zyp =1ull(Sxr), Zej =null(Se;), Ty =null(Zy;), Te;=null(Z,;). (C.19)

We decompose t into two components, t, and t;:
t=t,+ty, ty,=2Zc,, tr=Tec;. (C.20)

Here, t, represents the update direction tangent to the constraints, and t, represents the update

direction orthogonal to the constraints. ¢, and c; are, respectively, the coordinates of t, and £, in
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the basis of Z and T'. We write ¢, and ¢, as

T T T
_ T T _ T T _ T T
Ccy = [cz’m cz,l} , Czp = [Cz,x,l Cz,x,K:| , Czp= [CZ,Z,l Cz,é,V} ,  (C.21)
T T T
cr = |el T Cre=|Cl T cre=|cl T (C.22)
T = |Cr g Cry ’ e = |Crx1 " CrxK ’ T = |Crp1 " Crpev : :

To make the coordinates ¢, x 1 and c; ¢ ; more interpretable, we can enforce that the choice of

Z i, and Zy ; has the identity matrix of the appropriate size on top:

1 1
Zx,k - [ N£‘| ) Zl,j = [ N¢‘| y (023)

* *

where the * block consists of any entries such that (C.19) is satisfied. Then, each element in
cz x,k and cy ¢ ; represents, respectively, the update in each dimension of & and 1); tangent to the
constraints. This structure also simplifies the extraction of covariances later.

To solve for t, we first solve for ¢, then solve for t,. From the second equation of (C.14), we

have
St=-h = S(Zcz+Tcr)=—-h = (ST)cy = —h. (C.24)

We assume that S has full row rank, or else the SQP is not feasible. Note that ST is nonsingular. To
see why, notice that [Z |T} has full rank, so the product S {Z |T} = {0|ST} has full row rank, and
thus ST is a square nonsingular matrix. Therefore, we can uniquely solve for ¢; from (C.24). With
our choice of T in (C.18), ST also becomes block-diagonal with the same structure as in (C.18).
We can thus solve for ¢, in O(N3(K + V)) time with

(Sx,kaﬁk)cT,ch = _hx,k7 k= 1, N ,K, (C.25a)
(SeJTg’j)CT’g’j = —hg,j, ] = 1, ey V. (025b)

To find t,, we premultiply the first equation of (C.14) by Z T to elimininate any Z 'S terms:

Z'(Ft-S"v)=Z"(g+S")\), (C.26a)
=Z'"F(Zc, +Ter)=Z'g, (C.26b)
=(Z'FZ)c,=Z"g— Z " FTe,, (C.26c¢)
=F,c; =gz, (C.26d)
where F, = ZTFZ and gz = ZTg — ZTFTe,. Here, F, represents the reduced Hessian [28], with
its size just being the degrees of freedom of the original unlifted system.

The SQP solution is guaranteed to be a direction of descent if F, is positive definite [28, p. 452].
Since F' is at least positive semidefinite, F, is at least positive semidefinite. We then only require that
F, is full rank. This can be interpreted as observability of the lifted constrained system, where the
solution of the states and landmarks is unique given the process prior, measurements, and constraints.
Unlike in UKL, the constraints contribute to the observability of the system. That is, F' may not be
full rank and is only positive semidefinite (i.e., the unconstrained system is unobservable), but F,

is positive definite (i.e., the constrained system is observable). This happens when the unobservable
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space in F' is projected out by Z. We see this commonly in RCKL-SLAM, where the evolution of
the lifted features is ‘moved’ from the process model to the nonlinear constraints, and the system is
only observable with the constraints in place.

Similar to the case for UKL, the observability of (R)CKL depends on the priors, lifting functions,
training data, and the observability of the original system. In our experiments, the rank requirement
always holds empirically when the SQP is initialized according to Section 6.7.3.

Using F’s breakdown in (C.8), F, can be written as

_ Z;;erwa Z;Fwizl FZ,ww Fz,wé (C 27)
z = - ; .
Z;F&Zm Z;Fng F;,mz 1 )

where, owing to the block-diagonal structure of Z, the SLAM arrowhead sparsity structure is pre-
served. This is to say, F; zo is block-tridiagonal and F g is block-diagonal. The blocks in F, can
be computed in parallel in O(N3KV) time. The computation of g, is similarly efficient, since Z T
is block-diagonal and Z T F'Z also preserves the sparsity pattern of F. Then, we can use a Cholesky
decomposition on Fy, similar to the one done on F in (C.9), to efficiently solve for ¢, in (C.26d).
Again, the complexity is O(N3(V? + V2K)) when the lower Cholesky decomposition is used when
there are more timesteps than landmarks, but the upper Cholesky decomposition can be used for
the other case. Finally, we use ¢, and ¢4 to form t, and ¢, and then form the full update variable,
t, with (C.20), all in linear time.

To solve for the Lagrange multiplier update, v, we premultiply the first equation of (C.14) by
T

T (Ft—STv)=T"(g+S"\), (C.28a)
= (ST)"v=T"(Ft—g—-S"\), (C.28b)

where we can solve for v in linear time since the square matrix ST is full rank and block-diagonal.
With this, we have efficiently solved for ¢ and v in time O(N3(V? + V2K)).

C.1.5 Proof of (R)CKL-SLAM Covariance Extraction

This section is referenced in Section 6.7.2 and Section 7.7.2. We show that when Zy ;, and Z, ; have

the structures shown in (C.23), then the batch covariance of the primal (lifted) variables satisfies
P,=ZF;'Z" =Z(Z"F2)'Z", (C.29)
and the covariance of the original variables satisfies
S.=F'=(Z"Fz)™, (C.30)

where F is constructed at the solution (g*,A*). Since F, has the SLAM arrowhead sparsity
structure, we use a similar procedure as for UKL-SLAM to extract the required covariances by
finding the corresponding nonzero blocks of F.

We now show (C.30). After convergence, we construct the left-hand side of the SQP in (C.14)
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F ST
once more, yielding M = s ol M is termed the Karush-Kuhn-Tucker (KKT) matrix [125].

Before inverting M, note that F' may not be invertible. As discussed in Appendix C.1.4, this occurs
when only the constrained system is observable, which is most commonly seen in RCKL-SLAM.
However, as long as F is invertible and S has full row rank, then M is invertible. This is because
the SQP solution, dg and dA in (C.14), is unique, as seen in Appendix C.1.4 by construction. We
Pr P{
Ps Py
same sizes as F', S, and the zero block in M, respectively. Then, it is known that Pq, the covariance
of the primal variable, satisfies P, = Pg [43].

We cannot use the Schur complement on M to solve for Pg since F' is not necessarily invertible.

now write the inverse of the KKT matrix as M~ = ] , where Pg, Ps, and Pz have the

Instead, notice that when constraints are satisfied at the minimum-cost solution, any uncertainty
resulting from noisy information would lie only within the constraint manifold’s tangent space [43].
That is, we can write g* = Zc*, where ¢* is the coordinate of g* in the basis of Z. The solution
distribution in the basis of Z satisfies ¢ ~ N (¢, 15c), where ¢ = ¢* and Pq = ZI:’CZT7 affirming that
the covariance of q is within the space of Z.

We write out the expression MM ~! = 1, yielding

Pr PJ 10 (31)
Ps Py 0 1| ’

F ST
s 0

We premultiply first expression of (C.31) by Z:

FPr+S"Ps=1, (C.32a)
=Z'FZP.Z' +Z'S ' Ps=2", (C.32b)
= (Z'FZ)P,Z" =Z", (C.32c)
=P.=(Z"FZ)!, (C.32d)

where the last derivation uses the fact that Z has full column rank. Thus, we have shown that the

covariance of the primal variable, corresponding to the lifted state, is
P,=2P.Z"=7Z(Z"F2)"'Z". (C.33)

We can proceed to get ﬁ)g, the covariance of the original state variables, by using (C.33) to prove
(C.30). Given the structure of the bases in (C.23), however, we can prove (C.30) in an easier way:
Owing to (C.23), the dimensions in ¢ exactly represent the dimensions of the original variables, so

the covariance of ¢ is equivalent to the covariance of c¢. Thus, ﬁ)g =P = (ZTFZ)~ "

C.1.6 Modifications for Other (R)CKL Estimation Problems

This section is referenced in Section 6.7.3 and in Appendix C.1.7. We discuss the modifications
required to solve (R)CKL estimation problems other than SLAM: namely, localization, dead reck-
oning, and mapping. One may solve these problems to acquire good initial points for the SQPs of
harder estimation problems including CKL-Loc and CKL-SLAM. The initialization procedure for

these CKL estimation problems is discussed in the next section.
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e Localization: We use measurements from known landmarks to optimize for the robot states.
We modify the optimization objective in (6.31) to treat £ as a constant, removing £ from the

objective function and from the constraints:

min 1e z) W le(x
in se(@) W le(a) o
st. hg(x) =0,

where W and e are, respectively, still as described by (6.22b) and (6.22c), but e is only
a function of . h, has the same block structure as described in (6.32). Then, we follow
the same procedure as (R)CKL-SLAM for formulating and solving SQP, with only  as an
unknown. The quantities A\, S, Z, T, t, v would have, respectively, the same block structures
as Ag, Sz, Zg, T, te, Ve in (R)CKL-SLAM. We use the unconstrained Hessian Fy, in place
of Fin (C.8). We can use the same nullspace method to solve for ¢ in linear time. Note that
unlike in UKL-Loc where the cost is quadratic and the solution is one shot, we can no longer

avoid an iterative process in (R)CKL-Loc owing to the nonlinear constraints.

e Dead Reckoning: There are no measurements, and we optimize for the robot states from only

the inputs and the process model. The objective is

min %ev(m)TQflev(:c) (C.35)
s.t. hac(a:) =0, |

which is the same objective as for localization with the measurement components removed.
The Hessian of the unconstrained system, F, would simply be A=TQ'A~!, and the rest
of the procedure for setting up and solving the SQP is similar to constrained localization as
described above. Note that while unconstrained systems can dead reckon by simply recursively
applying the process model, constrained dead reckoning requires an iterative process to ensure

that the solution is on the manifold.

e Mapping: The problem is the inverse of localization: given a trajectory with known robot

states, map the landmarks from the measurements. The optimization objective is

1
min —e,(£) R ‘e, (£
i Sey(O) R ey (0) can
s.t. he(€) =0,

which is modified from (6.31) such that x is known and £ is unknown. The quantities
A, S, Z,T,t,v would have, respectively, the same block structures as Ag, Sg, Zg, Ty, tg, Vg in
(R)CKL-SLAM. The unconstrained Hessian for mapping, F', would correspond to Fy in (C.8).

We can use the same nullspace method to solve for £ in linear time.

C.1.7 SQP Initialization

This section is referenced in Section 6.7.3. We discuss the initializations of the SQPs for (R)CKL-
based mapping, dead reckoning, localization, and SLAM. Detecting and overcoming local minima in

estimation problems including localization and SLAM are open research problems in general [126,
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127]. In our case, the optimization problem setups in (6.31), (C.34), (C.35), and (C.36) are all
nonlinear owing to the presence of nonlinear constraints, and a reasonable initial guess is often
required to prevent the convergence to a local minimum. When they do occur, the SQP has usually
converged to a place where the constraints are not satisfied, which we can detect by observing the
value of ul|h(q)||1 in (C.16).

The solution procedure with initialization is as follows:

e Dead reckoning: We solve (C.35) for by first dropping the constraints and solving the
unconstrained problem, then passing the unconstrained solution as the initial guess for the
SQP. Note that the UKL solution of dead reckoning simply corresponds to recursively applying
the learned process model. To ensure that no local minima are encountered, the problem is not
solved over the whole trajectory, but rather over windows of size N, {Xg, Xg+1,-- -, Xp+N—11,
where we know x;, and solve for xx11,...,Xgrnv—1. We start at a known initial state xo and
dead reckon through the windows recursively until the end of the trajectory. A window size of
two often guarantees that local minima are not encountered, though a larger window size can
usually be used for a computational speedup without affecting results, depending on how far
the state drifts from the manifold within N timesteps.

e Mapping: To initialize £ to solve (C.36), we drop the constraints and use the UKL mapping
solution. Similar to UKL-Loc, the unconstrained mapping problem is quadratic and can be
solved in one shot. Mirroring the validity of UKL-Loc described in Section 6.6.5, unconstrained
mapping works well when there are enough measurements received per landmark to keep the

solution close to the manifold.

e Localization: To initialize x to solve (C.34), we simply initialize & from constrained dead

reckoning.

e SLAM: To initialize (x,£) to solve (6.31), we first initialize = by doing constrained dead

reckoning, then initialize £ by doing mapping from the dead-reckoned trajectory.

C.1.8 (R)CKL Estimation with Orientation

This section is referenced in Section 6.9.1. During the lifting process, we have assumed in (6.1) that
the state of the robot, &, lies within a vector space. While this is true for many robots, there are
exceptions where the assumption does not hold. A common example of a non-vector space state
variable is a robot’s orientation, which is a circular quantity. In this section, we present the required
modifications for a 2D pose, i.e., position and orientation. This section acts as an example of variable

transformation and shows the ease of including additional state constraints within (R)CRKL.

7
Suppose the state of a 2D robot is & = kx,k €y fg,k] , where (&g.1,&y.k) is its position
and &g is its orientation. Since &y is circular, simply lifting with x; = pg(&x) in (6.28a) would

not work: & would be part of the lifted state but we cannot enforce that &5 = &g 1 + 2mn
, T
for m € Z. Instead, we do a variable transformation on &, as §;, = [fzk vk Ccosok Csinok|

where the conversion from & to 52 is €cos 6,k = €08 €p. ks Esino,k = Sin&p . We introduce the constraint
he (5;) = 52059716 +f§in97k —1=0. We then select a lifting function p, (5;6), and then write the lifted

3

state as x;, = ] = [gk] , where the manifold constraint is now the lifting function constraint

pe (&)  |®n
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in addition to the orientation constraint on §;¢

Xk € X = hy(xy) = [ | X Pe (&) ] —o0. (C.37)
cosok T &sinok — 1

Note that the additional constraint still acts on each state individually at each timestep, meaning
that hy () is still block-diagonal. Thus, the rest of the procedure for (R)CKL estimation follows as
usual. Afterwards, we recover é&k = atan2(£sin97k, écosgjk).

With the additional constraint, the covariance extraction needs to be slightly modified. 257 k, the
covariance of £, is not the same as lac}k, the covariance of x; in the coordinates of the constraint
tangent space defined by Zx ;. &}, has 4 dimensions but only 3 degrees of freedom. As such, we

enforce a different structure on Zy j than in (C.23):

1 0 0
0 1 0
7 0 0 Z||,Cos9,k: (C 38)
ok 0 0 ZH,SinO,k ’ '
k% *

where the * entries are any entries so that Zy ; = null(Sx ) is satisfied. Then, given Pc,k in the

form
~2 ~2 ~2
Uc,w,k Jc,wy,k Jc,m&k
» _ | a2 ~2 ~2
Pey = Teayk  Teyk  Teyok | (C.39)

) ~2
Ocz0,k %9cyok  Tc,0.k
the position covariance is still the upper-left 2 x 2 block,
) )
. %) o
_ c,x,k c,xy,k
Eﬁ,wy,k - 6'2 6’2 ) (040)
c,zy,k c,y,k

and the variance of {cos6,x and &gin g,k can be found with
< o2 A2 < _ o2 )
Yg cos 0,k = S|\,cos€,kac,9,k7 Yg sing,k = S\|,sin9,k0c,9,k7 (C.41)

either of which can be converted to the orientation variance, ¥¢ 1 ¢, through a linear transformation
of a Gaussian at the mean, &y ;. We see in our experiments that when ¢ cosg1 and ¢ ging,x are

small, using either variance yields the same value for 25,97k.
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