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ABSTRACT

Autonomous systems are profoundly reshaping our societies, industries, and daily
lives, delivering unprecedented levels of efficiency, innovation, and adaptability.
From self-driving vehicles navigating dense urban traffic and coordinated swarms of
search-and-rescue robots operating in hazardous environments, to next-generation
intelligent power grids and high-precision industrial automation, these systems
are increasingly deployed in safety-critical and high-stakes settings where they are
routinely entrusted with split-second decisions that carry profound economic and
lethal consequences. In such contexts, the imperative for reliability, safety, and
robustness is paramount: a single unanticipated failure within a power distribution
network can trigger extensive blackouts, and a momentary lapse in decision-making

or perception by an autonomous vehicle can endanger lives.

Despite their remarkable capabilities, securing such reliability guarantees faces
formidable and multifaceted challenges. The environments in which these systems
operate are characterized by unprecedented complexity, vast scale, and pervasive
uncertainty as they frequently interact with numerous external entities such as
humans or other autonomous agents whose behaviors may be volatile, adversarial, or
fundamentally unknown. Explicitly and exhaustively modeling this complexity a
priori is practically infeasible, compelling systems to infer, adapt, and respond to the
novel environments by learning from data. Although contemporary machine-learning
models afford expressive representations, their assurances are limited by the scope
and fidelity of their training data. Consequently, such models remain vulnerable
to distribution shifts, rare events, or unmodeled edge cases, which can precipitate

catastrophic failure.

Further complicating matters, real-world applications frequently impose stringent
resource constraints, including limited computation, memory, communication, and
power. These constraints demand principled trade-offs between competing perfor-
mance objectives and operational constraints such as safety, stability, robustness, and
efficiency, especially in high-stakes and uncertainty-laden settings. This dissertation
addresses these challenges by contributing fundamental theoretical results and prac-
tical computational tools towards provably reliable, resource-efficient, and scalable

autonomy.

Operating safely in dynamic and a priori unknown environments poses a fundamental
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challenge for autonomous systems: balancing exploration, i.e., the pursuit of long-
term optimality by probing uncertain policy landscape at the risk of degraded
safety, against exploitation, i.e., leveraging current knowledge to ensure short-term
performance and stability at the expense of settling for a suboptimal policy. In
Part [IL. we study online reinforcement learning approaches for unknown linear
dynamical systems to address this challenge. We present computationally efficient
algorithms for online learning and control in both state-feedback and measurement-
feedback settings that operate safely without any prior knowledge of the system. We
rigorously establish their feasibility through finite-time guarantees on performance,

computational complexity, and stability, matching the fundamental theoretical bounds.

Statistical models underlie every layer of an autonomous system, serving as rep-
resentations of complex data-generating phenomena. Typically constructed from
empirical data through a blend of explicit modeling, machine learning, and simula-
tion, these models are vulnerable to distribution shift, i.e., discrepancies between
design and deployment conditions, which can jeopardize both performance and
safety. In Part|[[I, we investigate distributionally robust optimization (DRO) meth-
ods for control, prediction, communication, and unsupervised learning to guard
against model misspecification and distribution shifts. DRO blends average-case
optimality with worst-case guarantees: by maximizing expected performance against
the least-favorable statistical model consistent with the available data, it strikes a

balanced trade-off between robustness and performance informed by data.

Autonomous control systems must often balance several performance goals, such
as cost efficiency, robustness, risk tolerance, and stability, while meeting practical
constraints such as suitability for real-time implementation and scalability. Because
these design problems are inherently infinite-dimensional, only a handful of special
cases admit exact, tractable solutions (e.g., Linear-Quadratic-Gaussian, .77 -optimal,
or regret-optimal control) while widely studied formulations like mixed 7%,/ 7,
control remain unresolved. In Part |llll we present non-rational control, a unified
framework that makes many such problems both solvable and implementable. The
key is an optimize-then-approximate strategy that delivers provably near-optimal,
stabilizing, finite-order (rational) controllers even when the true optimum resides in

an infinite-dimensional (non-rational) policy space.
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Chapter 1

INTRODUCTION

The progression of modern society is increasingly driven by the advancement
of autonomous systems, which are rapidly transforming technological, industrial,
and societal landscapes. These systems, characterized by their ability to perceive,
decide, and act with minimal human intervention, cohesively integrate computational
intelligence with physical components to execute complex tasks in real time. Their
growing adoption is driving unprecedented gains in efficiency, productivity, and
economic growth across sectors such as transportation, aerospace, manufacturing,

energy, and infrastructure.

Indeed, the scale of this transformation is staggering: the International Federation of
Robotics reports a record 4.28 million industrial robots on factory floors worldwide
in 2024 [110]]. Mobility is undergoing a comparable transformation. McKinsey &
Company projects that by 2035, autonomous driving could generate $300 billion to
$400 billion in annual revenue [[164]]. Energy sector likewise relies increasingly on
autonomous and intelligent technologies. According to IoT Analytics counts, utilities
had installed about 1.06 billion smart electricity meters by late 2023, roughly 43%
of all global meters [112].

These trends underscore a profound transition: Increasingly, real-time decisions with
high-stakes physical, economic, and societal consequences are being delegated to
algorithms operating in complex, uncertain, and resource-constrained environments.
As the autonomy and influence of these systems grow, so too does the need for

rigorous frameworks that ensure their safe, reliable, and efficient operation.

* High Stakes and Safety Critical. Autonomous systems increasingly interact
with humans and critical infrastructure, or frequently function in environments
where safety is non-negotiable, and failures can be catastrophic. The U.S. Na-
tional Highway Traffic Safety Administration’s Standing General Order on crash
reporting has documented 1612 crashes involving Level-2 driver-assistance
("autopilot") systems across more than a dozen automakers between July 2021
and mid-2024, 40 of which resulted in fatalities [169]]. A misconfigured state

estimator triggered a widespread power outage on August 14, 2003 that cut
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electricity to nearly 55 million people in large swathes of United States and
Canada, causing an estimated $10 billion in losses [229]. These examples high-
light the critical necessity for assurances of safety, reliability and robustness to

prevent consequential outcomes.

Complex and Pervasive Uncertainties. Delegating increasingly complex
and high-stakes tasks to autonomous systems exposes them to pervasive and
multifaceted uncertainties. Real-world operating conditions are typically
dynamic, volatile, and only partly observable. Consider urban traffic, where
self-driving vehicles must anticipate the intentions of human drivers and
pedestrians while coping with sudden adverse shifts in weather or road
conditions. At the very extreme, search-and-rescue robots navigating collapsed
structures or planetary rovers traversing uncharted Martian terrain encounter
environments that are entirely unknown and unstructured. Such complexity
stretches the limits of traditional, explicit model-based design and engineering.
Therefore, operating reliably under these circumstances demands the capacity
to learn from sparse interactions and available data to explore safely and adapt

the response in real time.

Learning-based models offer far greater expressive power for capturing rich
and complex uncertainties than hand-crafted, explicit mathematical models.
Yet that flexibility comes at a price: formal guarantees of reliability and
safety are far harder to establish. Since performance hinges on the quality
and representativeness of the training data, these models can be brittle under
variations in the development and deployment environments or when confronted
with rare, safety-critical edge cases absent from the dataset. Even a small
deviation in the model can propagate through downstream tasks and precipitate
catastrophic failures. A stark illustration is the 2018 fatal crash involving an
autonomous SUV operated by Uber in Tempe, Arizona, where the perception
network misclassified a jay-walking pedestrian at night as "vehicle" or "bicycle"

and withheld emergency braking until just 0.2 seconds before impact [[170].

Performance and Resource Constraints. Increasingly complex real-world
tasks rarely fit into a single performance metric. Instead, they often involve
multiple, distinct, and often conflicting performance criteria and operational
constraints that must be carefully balanced through informed trade-offs. A good
illustration is modern power-grid operation: grid operators must (i) ensure

power supply robustly meets highly fluctuating demand even under adverse
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weather events, (i1) minimize operating costs for generators and consumers,
and (iii) reduce CO, emissions by integrating intermittent renewable sources

and routing power efficiently through the network.

These demands are further compounded in large-scale cyber-physical systems
(CPS) by structural and resource constraints that hinder real-time implementa-
tion. Limitations in computational power, memory, data availability, energy,
and communication bandwidth or latency must all be carefully managed. For
instance, drones in coordinated fleets for surveillance or disaster response must
balance coverage, tracking, and monitoring while trading off speed, accuracy,
and energy. Operating under limited battery, on-board computation, and
noisy sensing, they also face intermittent, bandwidth-limited communication,

requiring decentralized decisions based on local data.

In light of these omnipresent, inseparable challenges, this dissertation is guided by a

single, overarching aim:

To design provably reliable, resource-efficient, and scalable autonomous
systems that can learn and adapt to novel environments by leveraging
data-driven methods to balance robustness, performance, and competing
objectives through principled reasoning about uncertainty, risk, and
trade-offs.

Guided by this objective, the dissertation is organized into three interrelated parts,

each addressing a distinct but complementary facet of this overarching goal:

* Part[I: Learning and Control. Operating safely in unknown and dynamic
environments requires autonomous systems to balance exploration and exploita-
tion. In Part [, we develop computationally efficient reinforcement learning
algorithms for controlling unknown linear systems, both with full and partial
observations. These methods achieve finite-time guarantees on performance,
stability, and complexity, enabling safe real-time operation without prior

system knowledge.

* Part[II: Distributionally Robust Optimization. Statistical models, central
to autonomous systems, often face distribution shifts between training and
deployment, threatening performance and safety. In Part |[IL we develop

distributionally robust optimization (DRO) methods for control, prediction,
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communication, and learning, which hedge against model uncertainty by
optimizing expected performance under the worst-case distribution consistent
with the data, offering a principled and data-informed balance between worst-

case robustness and average-case performance.

 Part [II: Non-rational Control. We introduce a unified framework for
stabilizing and scalable controller synthesis tailored to diverse infinite-horizon
control objectives, subsuming distributionally robust, risk-sensitive, mixed
criteria, etc. An "optimize-then-approximate" pipeline converts these infinite-
dimensional formulations into finite-dimensional controllers with quantifiable
sub-optimality, enabling scalable real-time implementation while preserving

the rigorous guarantees demanded in safety-critical autonomy.

The remainder of this chapter outlines the primary contributions of the thesis,

organized by each of its three main parts.

1.1 Outline and Scope of Part[I[; Learning and Control

In many real-world applications, the governing dynamics of the system are not
fully known in advance. This lack of prior knowledge fundamentally complicates
the real-time control task, as effective decision-making must proceed in tandem
with learning the system itself. In such scenarios, control and learning become
inherently coupled: the autonomous agent must actively gather information about the
environment through interaction while simultaneously striving to achieve its control

objectives.

This dual necessity gives rise to the classic exploration-exploitation dilemma. On one
hand, an autonomous agent must explore the unknown system to acquire information
about its dynamics and thereby adapt and improve its policy in the long run. However,
reckless exploration without regard for control objectives can compromise safety
and degrade performance before any gains are realized. Conversely, the agent must
also exploit its acquired knowledge to maintain safety and acceptable performance,
but over-reliance on exploitation risks becoming trapped in a suboptimal policy,
never discovering more effective policies. Ultimately, the agent’s challenge is to
strike the right balance between these competing objectives: gathering enough
information to drive future improvements while ensuring safe, reliable operation and

high performance at every step.
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Part [ITI] of this thesis is concerned with this dilemma in the context of controlling a
priori unknown linear dynamical systems in real time. In general, these systems can

be described as a state-space model as

xt+1 — A*I't + B*U/t + wt, (113.)
yt - C*l‘t ‘l_ 'Ut, (llb)

where x, denotes the system state, u, the control input, y, the observation, and w,, v,
the process and observation noise, respectively. The system matrices (A,, B,, C,)
are unknown to the agent in advance. The overarching goal of the autonomous
agent is to execute control actions in closed-loop with an unknown system that (i)
optimize long-term performance, (ii) ensure system stability and safety, and (iii) do
so with minimal computational and sample complexity, all while contending with
model uncertainty and navigating the fundamental trade-off between exploration and

exploitation to meet these objectives.

A central question in this setting is to understand the fundamental performance limits
of learning-based control. A widely used metric for quantifying performance is
regret: the cumulative excess cost incurred by a learning agent relative to a baseline
policy, typically the optimal policy of an oracle agent with full knowledge of the
system dynamics. Regret thus captures the price of uncertainty, reflecting how much
suboptimality is suffered by learning on the fly. Ideally, one seeks regret that grows
sublinearly with the time horizon 7', the number of agent-environment interactions,
so that the average per-step cost approaches optimality over time. For the case of
unknown linear dynamical systems, the minimax optimal regret rate has been shown
to scale as v/7T [210] for state-feedback control (i.e., x, observed). While several
algorithms have been proposed achieving this optimal performance, some of these
work under the assumption that a stabilizing controller is known a priori [[159], [210],
a requirement often not met in real-world situations, circumventing the need for

balancing exploration and exploitation.

Alternatively, the Optimism in the Face of Uncertainty (OFU) principle has been
shown to achieve both optimal regret and system stabilization without relying on any
prior knowledge of the dynamics [2], [140]. Widely used in online decision-making
under uncertainty (e.g., in bandit problems), this approach constructs confidence
sets for the unknown system parameters based on observed data and then selects
the control policy corresponding to the most optimistic model, i.e., the one with

the lowest predicted control cost, within the confidence set. While OFU enjoys
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strong theoretical guarantees, including regret optimality and stability, it suffers
from significant computational intractability, as identifying the optimistic model
requires solving a non-convex, NP-hard optimization problem, making it impractical
for any real-time implementation. This leads to a fundamental question at the heart

of learning-based control [4]]:

Can we design a computationally feasible (i.e., poly-time) state-feedback
control algorithm that provably stabilizes any a priori unknown linear

dynamical system while achieving the order-optimal \/T regret rate?

In Chapter 2] we introduce Thompson Sampling-based Adaptive Control (TSAC), a
provably efficient (i.e., poly-time) and stabilizing state-feedback control algorithm
with optimal /7 regret for any a priori unknown linear dynamical system, thereby
affirmatively answering this question. Rather than performing an expensive search
for the optimistic model, this algorithm executes the stabilizing optimal policy for
a randomly selected model from a confidence set, requiring only a constant time
compute. Similar to OFU, it balances exploration and exploitation by progressively
reducing uncertainty in the system estimates, thereby biasing the sampling distribution

toward models that yield lower control cost.

Although TSAC attains the order-optimal /7T regret, it does so by trading computa-
tional efficiency for a multiplicative correction factor in the regret, which depends
inversely on the probability of sampling an optimistic model. Previous work demon-
strated a Thompson-sampling approach with similar guarantees [4], but only in
the special case of scalar systems. One of our key contributions is to show that
the additional regret incurred due to randomized sampling, rather than explicitly
searching for the most optimistic model, remains bounded in arbitrary multidimen-
sional systems. In particular, TSAC samples sufficiently optimistic models with
high enough frequency to match the optimal /T regret without compromising

performance.

In Chapter 3] we extend the setting from fully observed state-feedback systems to par-
tially observed, noise-corrupted systems by introducing Thompson Sampling under
Partial Observability (TSPO). This algorithm leverages a novel closed-loop system
identification procedure to iteratively refine both the parameter estimates and their
associated confidence intervals. TSPO then employs Thompson Sampling guided by

these intervals to design control policies for unknown Linear-Quadratic-Gaussian
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(LQG) systems. We show that this method is not only computationally efficient but

also achieves the optimal v/7 regret rate while ensuring system stabilization.

1.2 Outline and Scope of Part [T} Distributionally Robust Optimization

Statistical models form the backbone of modern autonomous decision-making
systems by providing probabilistic representations of the external variables and
processes that influence a system’s behavior. In stochastic optimization, one uses
these models to choose decision rules that optimize average-case performance
with respect to the probability distribution implied by the model. This framework
underpins a wide range of tasks, including optimal control under stochastic noise and
uncertainty, predictive modeling and estimation in sensing and perception, learning
from data, and reliable data processing, compression, and transmission over noisy

communication channels.

Most downstream tasks, from stabilizing a drone in turbulence to filtering sensor
noise in autonomous vehicles, rely critically on how faithfully those representations
mirror reality. In practice, these models are typically constructed from empirical
data (e.g., via machine learning), from high-fidelity simulations (e.g., robotic
motion planning and climate modeling), from first-principles or hand-crafted models,
or some combination thereof. Yet the world encountered in deployment rarely
matches the conditions seen during design: discrepancies arise when the operational
data-generating processes differ from the one used during model construction, a
phenomenon known as distribution shift. If left unaddressed, such distribution
shifts and model misspecifications can have severe consequences in high-stakes and
safety-critical applications. For example, in autonomous driving systems, a model
trained predominantly on clear daytime driving scenarios may perform poorly under
nighttime or adverse weather conditions, potentially leading to unsafe decisions
[170].

To ensure safety and reliability, it is essential that autonomous systems account
for the risks posed by model misspecification and distribution shifts. Historically,
robustness in decision-making has been addressed through the lens of adversarially
robust optimization, which forgoes probabilistic models entirely and instead seeks to
optimize performance under the worst-case realization of uncertainty. While this
approach provides strong worst-case guarantees, it often proves overly conservative:
discarding prior statistical information sacrifices average-case performance in ex-

change for blanket robustness. Bridging the gap between epistemic optimism of
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stochastic optimization and caution of adversarially robust optimization remains a

central challenge in designing dependable data-driven decision systems.

Against this backdrop, distributionally robust optimization (DRO) has emerged as a
principled remedy. At its core, DRO retains an ambiguity set of plausible statistical
models consistent with the available data and optimizes expected performance under
the worst-case distribution in that set. Concretely, the canonical problem setup of
DRO can be formulated as a minimax optimization:

inf  sup  Eeop [€(6,€)], (1.2)
9€0 PeB,.(P,)

where 6§ € O is the decision variable, ¢ € = is the uncertain variable, and ¢ :
© x Z — R is the loss function. In practice, the decision-maker typically possesses
a nominal model IP, for the uncertain variable, but lacks confidence in its accuracy in
capturing the true, unknown data-generating distribution. To account for this model
uncertainty, the decision maker constructs an ambiguity set as a "ball" of probability
distributions B, (IP,) centered at the nominal P, with a specified radius to contain all
distributions deemed plausibly close to the nominal, including the true distribution.
The precise form of this set depends on the chosen notion of distributional similarity,
which may be defined via a divergence (e.g., Kullback-Leibler) or a distance metric

(e.g., Wasserstein, total variation).

The choice of radius effectively reflects the decision-maker’s confidence in the fidelity
of the nominal model. As the radius approaches zero, DRO reduces to standard
stochastic optimization under the nominal distribution. Conversely, as the radius
increases, the formulation becomes increasingly conservative, eventually converging
to the adversarial robust optimization setting. This flexibility enables a data-driven
trade-off between robustness and performance, seamlessly bridging the gap between

stochastic and worst-case decision-making.

Part [IT) of this thesis focuses on the safe and reliable mitigation of risks arising
from distribution shifts and model uncertainty in control, prediction, communication,
and unsupervised learning, through the lens of distributionally robust optimization
(DRO). A central emphasis is placed on ambiguity sets defined via Wasserstein
distances (also known as optimal transport metrics). In contrast to divergence-based
ambiguity sets, which are restricted to distributions supported on the same set as the
nominal model, Wasserstein ambiguity sets offer greater expressive power, respect
the underlying geometric structure of the data space, and lend themselves to tractable

convex reformulations [[74]], [[134]].
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A particularly challenging setting arises in the control and prediction of partially
observed dynamical systems subject to complex, temporally correlated, and poorly
understood disturbances. In real-world environments, such systems are continually
influenced by disturbances with rich temporal dependencies and structural complexi-
ties that are poorly captured by oversimplified probabilistic models, such as Gaussian
noise. As a result, standard tools like Linear-Quadratic-Gaussian (LQG) control and
the Kalman filter, which rely heavily on assumptions of Gaussianity and temporal
independence, can become both ineffective and unreliable. The challenge is further
compounded when system parameters are imperfectly known, as modeling errors

introduce additional structured disturbances, effectively amplifying uncertainty.

In Chapter [d] and Chapter [5 we develop distributionally robust control and
filtering frameworks for partially observed linear systems operating under correlated
disturbances. Departing from most prior work that assumes independence across
time [153]], [203], [220], [248]], our approach leverages the Wasserstein distance
to model uncertainty in the joint distribution of the entire disturbance trajectory
over a finite horizon, enabling reliable control and prediction under rich, temporally

correlated uncertainty.

Another critical capability for autonomous systems is the reliable real-time trans-
mission of high-dimensional data—such as images and videos—over long distances.
This is especially vital in networked cyber-physical systems with multiple intercon-
nected agents, such as search-and-rescue drones or robotic teams, where safe and
effective coordination depends on timely and accurate communication. However, the
unpredictability of both data sources and communication channels undermines the
reliability of classical methods rooted in Shannon theory [206], which presuppose

perfect knowledge of the source and channel distributions.

In Chapter [6| we characterize the fundamental limits of reliable communication
under distributional uncertainty, focusing on two key trade-offs: (i) data compression
rate and distortion error, and (ii) transmission rate and power allocation over a noisy
channel. Uncertainty in both the data source and channel noise distributions is mod-
eled using Wasserstein balls centered at nominal distributions. These problems mark
a significant departure from standard DRO formulations, as the objectives involve
information-theoretic quantities, such as mutual information and entropy, rather than
simple expected costs. Nonetheless, we derive tractable convex reformulations based
on linear matrix inequalities (LMIs), enabling efficient computation and robustness

in communication systems design.



10

Perception and environmental understanding in autonomous systems often rely on
unsupervised learning and pattern recognition methods, such as segmentation and
clustering to transform large volumes of raw, unlabeled sensor data into discrete,
interpretable objects. However, classical clustering methods are often vulnerable to
outliers, distribution shifts, and limited sample sizes. In Chapter [7, we develop a
distributionally robust k-means clustering algorithm that minimizes the mean-squared
distortion error for quantizing the worst-case distribution within a Wasserstein-2
ball centered at the empirical data distribution. Our formulation naturally yields
a soft-clustering scheme during training, replacing rigid cluster boundaries with
smoothly weighted regions, resulting in significantly improved robustness to outliers

and generalization under distribution shifts.

1.3 Outline and Scope of Part [[TI: Non-rational Control

Major advances in control theory have historically been driven by practical challenges
that existing methods failed to address, for example, Kalman’s state-space theory
[121] and Bellman’s dynamic programming [[16]], [[17/]] emerged to handle stochastic
disturbances during the space race, while Zames’s .77 control [255] addressed
model uncertainty overlooked by classical stochastic control. Today, with control
systems underpinning complex, high-stakes autonomous operations in uncertain and
resource-constrained environments, we face a similar shift. The growing reliance on
learning-based controllers demands new approaches that can manage the unreliability
of data-driven models while ensuring stability, robustness, safety, and real-time

performance under computational and communication constraints.

In response to these emerging demands, several new paradigms have been pro-
posed, including distributionally robust, risk-sensitive, and multi-criteria control.
While these frameworks offer elegant theoretical formulations, translating them
into practical, real-time deployable controllers remains a significant analytical and
computational challenge. For instance, finite-horizon formulations, such as the
Wasserstein distributionally robust controller studied in this thesis, typically result
in high-dimensional optimization problems that scale poorly with the time horizon,
rendering real-time implementation impractical. Receding horizon strategies, such
as model predictive control (MPC), partially alleviate this by solving a sequence of
short-horizon optimization problems rather than a single long-horizon one. However,
these approaches often lack formal stability guarantees and can exhibit non-smooth,

erratic, or myopic behavior, ultimately compromising long-term system performance.
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A more principled approach lies in infinite-horizon controller synthesis, which
provides provably stable policies with performance guarantees and enables efficient
real-time implementation. However, designing optimal infinite-horizon controllers for
emerging paradigms, often involving sophisticated, nonstandard objective functions,
remains fundamentally challenging, as it typically results in infinite-dimensional
optimization problems. These difficulties are further compounded by structural and
information constraints, such as causality, communication delays, and requirements
for distributed or decentralized implementation. To date, exact closed-form solutions
have been found only for a limited set of problems such as LQG/.7%, [[121]], 227 [51]],
and regret-optimal control [191]. In contrast, for many other practically relevant
formulations, including mixed 7%, /.7, control, no exact solution has yet been

discovered. This raises the following fundamental question:

How can we systematically and efficiently synthesize stabilizing, scalable
and exact optimal controllers for generalized, nonstandard performance

objectives beyond the classical formulations?

Another major challenge in this generalized setting is that optimal controllers for
nonstandard performance objectives are typically infinite-dimensional (i.e., non-
rational) which presents a fundamental barrier to practical, real-time, and scalable
implementation. In contrast to classical settings such as LQG/.7%; and 7, where
optimal controllers admit finite-dimensional state-space realizations, generalized
formulations often lack this property. This phenomenon arises even in well-studied
problems like mixed .7 /.7, control [165]. Indeed, in Chapter [9} we show that
the optimal infinite-horizon Wasserstein distributionally robust controller is itself
non-rational. While approximation strategies, such as restricting to finite impulse
response (FIR) controllers, can yield tractable formulations, they often fail to capture
long-range dependencies or incur significant suboptimality unless one adopts an

impractically large FIR length. This raises another fundamental question:

How can we practically implement infinite-dimensional (i.e., non-

rational) optimal controllers for general objectives?

These realities underscore the need for a new generation of practical controller-

synthesis techniques that

i. accommodate a wide array of performance metrics,
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ii. ensure closed-loop stability,
1ii. impose minimal computational overhead during real-time implementation,
iv. scale efficiently to large-scale systems, and

v. achieve near-optimal performance with provably negligible suboptimality gaps.

In Part [ITI] we address these challenges by proposing a unified framework: non-
rational control. Embracing the infinite-dimensional nature of control problems, this
unified framework offers new analytical and computational tools that render other-
wise intractable controller design tasks both solvable and practically implementable.
Crucially, it adopts an optimize-then-approximate paradigm, enabling synthesis
of provably near-optimal, stabilizing finite-dimensional (rational) state-space con-
trollers tailored to diverse objectives, even when the true optimum resides in an

infinite-dimensional (non-rational) policy class.

More concretely, the central object of our study is a generalized infinite-horizon
control problem posed as an infinite-dimensional optimization: find a causal and
admissible controller /C that minimizes a performance objective specified by a

function f of the squared closed-loop transfer operator 7y Ty

inf f(77C*77C) SUbjeCt to K: S ‘/ni/admissible (13)

causal IC

Here, the closed-loop transfer operator 7 maps external disturbances to regulated
outputs, the objective function f encodes the desired performance criteria, and
Hpamissible €ncodes the subset of admissible controllers. This general formulation
encompasses a wide class of control problems, including the classical and emerging

examples discussed earlier. Our framework is built on the following key components:

1. Infinite-dimensional convex duality. By formulating the control objective at
the operator level and invoking convex duality, the original design problem
with generalized performance criteria is recast as a tractable dual optimization

problem.

2. Efficient numerical solution. Exploiting the Fourier-domain (transfer-function)
representation of the dual variable allows the use of standard, scalable
optimization algorithms (e.g., first-order methods) to compute the exact

infinite-dimensional optimum.
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3. Rational controller synthesis. A novel rational-approximation scheme
translates the infinite-dimensional solution into finite-dimensional controllers
that are guaranteed to be stabilizing and within a quantifiable performance gap,

enabling practical real-time deployment without sacrificing performance.

The non-rational control framework integrates and extends .74, .7, distributionally
robust, risk-sensitive, regret-optimal, and multi-objective control paradigms into a
cohesive framework that enables scalable real-time implementation. The underlying
numerical optimization and rational controllers synthesis algorithms are highly
efficient in terms of computational complexity and horizon independent, as opposed
to finite-horizon formulations which scale with the time-horizon. Moreover, the
resulting near-optimal rational controllers significantly outperform those derived

from restrictive policy classes, such as those obtained from FIR approximation.

In Chapter 8 we provide a comprehensive background on optimization-based
methods for controller synthesis, introduce the necessary notation, and review key
concepts from linear systems theory. The chapter concludes with a summary of our
main contributions and an overview of the non-rational control framework developed

in the subsequent chapters.

In Chapter [9, Chapter [10, and Chapter [11] we present a range of infinite-horizon
control and filtering problems unified under our framework, spanning both classical
formulations and emerging paradigms such as distributionally robust, risk-sensitive,
and multi-objective control. In particular, we derive the infinite-horizon formulations
of the Wasserstein distributionally robust control and filtering problems, extending
the finite-horizon versions introduced in Part|II} and discuss mixed .73 /.7 control

as a canonical example of the multi-objective setting.

In Chapter [12] we develop the duality theory for the generalized infinite-horizon
control problems introduced earlier. Our main tool is the Fenchel-Legendre conjugate
[ of the objective function f, together with the strong duality framework established
by Fenchel and Rockafeller. A key advantage of working with the dual formulation
is that it enables a tractable reformulation of the original problem: the dual problem
becomes a max—min optimization, where the inner minimization is a weighted
¢, objective, and all structural and information constraints, such as causality and
decentralization, are absorbed into this simpler inner problem. The weighting factor

in this setting is precisely the dual optimization variable.

This reformulation admits a compelling interpretation as a minimax game between
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the controller and an adversarial disturbance process: the controller minimizes
its expected infinite-horizon quadratic cost under a colored (correlated) Gaussian
disturbance, whose auto-covariance kernel serves as the dual variable, while the
disturbance aims to maximize this cost but is penalized via the conjugate function
f* evaluated on its auto-covariance kernel. In this sense, the dual problem can be
viewed as an infinite-horizon stochastic control problem under a generalized risk
measure induced by f. We conclude the chapter by applying this duality framework

to the specific control problems introduced in the preceding section.

In Chapter [13] we present the necessary and sufficient conditions for the existence
of a saddle-point solution. Our approach proceeds in two stages. First, we show
how the optimal controller can be derived by reducing the problem to a weighted
5 optimization using the classical Wiener—Hopf technique [239], [250]. This step
highlights the strength of our framework: a complex and seemingly intractable control
problem is reformulated as a structured weighted .77, problem that is analytically and
computationally tractable. However, determining the optimal controller still requires
solving the dual problem to identify the optimal weighting, which is achieved by
deriving the Karush-Kuhn-Tucker (KKT) optimality conditions.

We apply this methodology to the examples introduced in the preceding chapters,
leading to explicit closed-form expressions for the optimal solutions in the infinite-
horizon Wasserstein distributionally robust control and filtering problems, as well
as for the mixed /%, /.7, control problem. These solutions reveal the inherent

non-rational structure of the resulting optimal controllers.

A key insight of our approach is that, although the optimal controllers may be non-
rational, they can often be fully characterized by a finite-dimensional parameterization,
i.e., the solution lies within a structured family of non-rational transfer functions.
This structure enables the development of efficient numerical algorithms that operate
in the Fourier domain using first-order gradient information. In Chapter [14] we
present adaptations of several well-known optimization methods, including proximal
gradient and Frank—Wolfe algorithms, where gradients are evaluated at a finite (but
sufficiently dense) set of frequency points, enough to accurately approximate the

underlying infinite-dimensional objects.

While the optimal non-rational controller may be theoretically well-defined, its infinite-
dimensional nature renders it impractical for real-time implementation as a finite-
dimensional state-space controller. In ??, we introduce a computationally efficient

rational approximation algorithm to synthesize finite-dimensional, stabilizing, near-
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optimal controllers with a guaranteed suboptimality gap and prescribed state order.
Rather than directly approximating the non-rational controller, which leads to a
non-convex and generally NP-hard problem, our method targets the optimal dual
variable, a positive-definite transfer function, and approximates it using rational
functions formed as ratios of positive polynomials in the 7#,_ norm. The positivity
of both the dual variable and its approximants enables a convex reformulation of
the approximation problem. Finally, by applying the Wiener—Hopf technique, we
construct a finite-dimensional, stabilizing state-space controller from the rational

approximation of the dual variable.
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Chapter 2

LEARNING TO CONTROL FULLY OBSERVED LINEAR
DYNAMICAL SYSTEMS

2.1 Introduction

There has been a significant development in data-driven methods for controlling
dynamical systems in recent years due to the development of novel reinforcement
learning approaches and techniques [108]]. Adaptive control of unknown linear
dynamical systems has been the main focus due to its simplicity and its ability
to capture the crux of the problem and give insights on more challenging tasks
[187]. Among linear dynamical systems, Linear Quadratic Regulators (LQRs) are
the canonical settings with quadratic regulatory costs to design desirable controllers
and have been studied in an array of prior works [2]], [4], [36], [62], [140], [159],
[210]. These works provide finite-time performance guarantees of adaptive control
algorithms in terms of regret, which is the difference between the attained cumulative
cost and the expected cost of the optimal controller. In particular, they show that
O(\/T) regret after 7" time steps is optimal in adaptive control of LQRs. They utilize
several different paradigms for algorithm design such as Certainty Equivalence,
Optimism or Thompson Sampling, yet, they suffer either from the inherent algorithmic

drawbacks or limited applicability in practice.

Certainty equivalent control and its challenges: Certainty equivalent control
(CEC) 1s one of the most straightforward paradigms for control design in adaptive
control of dynamical systems. In CEC, an agent obtains a nominal estimate of
the system, and executes the optimal control law for this estimated system. Even
though Mania, Tu, and Recht [159] and Simchowitz and Foster [210]] show that
this simple approach attains optimal regret in LQRs, the proposed algorithms have
several drawbacks. First and foremost, CEC is sensitive to model mismatch and
requires significantly small model estimation error to a point that exploration of the
system dynamics is not required. Since this level of refinement is challenging to
obtain for an unknown system, these methods rely on access to an initial stabilizing
controller to enable a long exploration. In practice, such a priori known controllers

may not be available, which hinders the deployment of these algorithms.

Optimism-based control and its challenges: Optimism is one of the most prominent



18

methods to effectively balance exploration and exploitation in adaptive control [21].
In optimism-based control, an agent executes the optimal policy for the model with
the lowest cost within a set of plausible models. In Abbasi-Yadkori and Szepesvari [2]
and Faradonbeh, Tewari, and Michailidis [62], the authors use optimism-based control
design to achieve O(\/T ) regret with exponential dimension dependency. Both
algorithms solve a non-convex optimization problem to find the optimistic controllers,
which is an NP-hard problem in general [6]]. Unfortunately, this computational
inefficiency severely limits their practicality. Recently, Abeille and Lazaric [5]
proposed a relaxation to the optimistic controller computation, which makes the
optimism-based controllers efficient. However, their algorithm also requires a
significantly well-refined model estimate and a given initial stabilizing policy, similar
to CEC.

Restricted LQR settings in the prior works: In our work, we study the stabilizable
multi-dimensional LQR setting. Stabilizability is necessary and sufficient condition
to have a well-posed LQR control problem [120]. On the contrary, prior works usually
consider the controllable LQR setting, which is a subclass of stabilizable LQRs
[36], [40]. While the controllability condition simplifies the learning and control
problem, it is also often violated in many real-world control systems [[69]. Recently,
Lale, Azizzadenesheli, Hassibi, et al. [[140]] proposed an adaptive control algorithm
that does not need an initial stabilizing controller and achieves optimal regret in
stabilizable LQRs. However, their method relies on optimism, and unfortunately

inherits the aforementioned computational complexity of optimistic methods.

Thompson Sampling and its challenges: Thompson Sampling (TS) is one of the
oldest strategies to balance the exploration vs. exploitation trade-off [222]. In TS,
the agent samples a model from a distribution computed based on prior control
input and observation pairs, and then takes the optimal action for this sampled
model and updates the distribution based on its novel observation. Since it relies
solely on sampling, this approach provides polynomial-time algorithms for adaptive
control. Therefore, it is a promising alternative to overcome the computational
burden faced in optimismic control design. For this reason, Abeille and Lazaric
[3], [4]] propose adaptive control algorithms using TS. In particular, Abeille and
Lazaric [4] provide the first TS-based adaptive control algorithm for LQRs that attains
optimal regret of O(v/T'). However, their result only holds for scalar stabilizable
systems, since they were able to show that TS samples optimistic parameters with

constant probability in only scalar systems. Further, they conjecture that this is true
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Table 2.1: Comparison with the prior works that attain O(\/T) regret on LQR, | =
1-dim LQRs

Work Setting Stabilizing Controller Computation
(4] Stabilizable' Not Required Feasible
[159] Controllable Required Feasible
[210] Stabilizable Required Feasible
[36] Controllable Not required Feasible
[[140] Stabilizable Not required Infeasible
This work  Stabilizable Not required Feasible

in multidimensional systems as well and TS-based adaptive control can provide
optimal regret in multidimensional LQRs, and provide a simple numerical example

to support their claims.

Contributions

In this work, we give an affirmative answer to the conjecture posed in Abeille and

Lazaric [4]]:

* We propose an efficient adaptive control algorithm, Thompson Sampling-based
Adaptive Control (TSAC), that attains O(\/T ) regret in multidimensional
stabilizable LQRs. This makes TSAC the first efficient adaptive control
algorithm to achieve order-optimal regret in all stabilizable LQRs without the

prior knowledge of a stabilizing policy (Table [2.1).

* We empirically demonstrate the performance of TSAC and compare to the
optimism (heuristic) and TS-based methods that do not require initial stabilizing
policy in flight control of Boeing 747 with linearized dynamics. We show that
TSAC effectively explores the system to find a stabilizing policy and achieves

the competitive regret performance, while being computationally feasible.

The design of TSAC and our regret guarantee hinge on three important pieces missing
in prior works: Fixed policy update rule, improved exploration in early stages
of adaptive control, and a novel lower bound that shows TS samples optimistic
parameters with non-zero probability in multidimensional LQRs. Unlike the frequent
policy update rule of Abeille and Lazaric [4] in scalar LQRs, TSAC updates its
policy with fixed time periods. This policy update rule prevents fast policy changes
that would cause state blow-ups in stabilizable LQRs. In the beginning of agent-

environment interaction, TSAC focuses on quickly finding a stabilizing controller
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to avoid state blow-ups due to lack of a known initial stabilizing policy. By using
isotropic exploration in the early stages along with the exploration of TS policy, we

show that TSAC achieves fast stabilization.

After stabilizing the unknown system dynamics, TSAC relies on the effective explo-
ration of the TS to find desirable controllers. In particular, we show that the TS
samples optimistic parameters with a constant probability in any LQR setting. This
novel lower bound shows that the TS is an efficient alternative to optimism in all
adaptive control problems in LQRs. Combining this lower bound with the fixed

policy update rule, we derive the optimal regret guarantee for TSAC.

2.2 Preliminaries

Notation: We denote the Euclidean norm of a vector x as ||z||,. For a matrix
AeR™?, we denote p(A) as the spectral radius of A, ||A|| as its Frobenius norm
and || A|| as its spectral norm. tr(A) denotes its trace, AT is the transpose. For
any positive definite matrix V, ||A|, = ||V'/*A||r. For matrices A, B € R,
A e B=tr(ABT) denotes their Frobenius inner product. The j-th singular value of
a rank-n matrix A is 0;(A), where 0,,,,(A) =0, (A) > ... > 0n(A) :=0,(A4). I
represents the identity matrix with the appropriate dimensions. IM,, =R"*" denotes
the set of n-dimensional square matrices. A (i, ) denotes normal distribution
with mean  and covariance . () denotes the Gaussian @-function. O(-) and
o(+) denote the standard asymptotic notation and f(7T") = w(g(7T)) is equivalent to

g(T) = o(f(T)). O(-) presents the order up to logarithmic terms.

Setting
Suppose we are given a discrete time linear time-invariant system with the following
dynamics,

Ty = Ay + Bouy + wy, 2.1
where x;, € R" is the state of the system, u, € R? is the control input, w, € R" is
i.i.d. process noise at time t. At each time step t, the system is at state x; where
the agent observes the state. Then, the agent applies a control input u, and the
system evolves to z,,, at time ¢ + 1. The underlying system can be represented
as r,,, = Olz, + w,, where O = [A, B,] and z, = [¢] u/]". In this work, we
consider stabilizable linear dynamical systems ©,, such that there exists a controller

K where p(A, + B,K) < 1. More precisely, the systems with the following property:

Assumption 2.2.1 (Bounded and (k, y)-stabilizable System). The unknown system
©.isamemberofasetSsuchthatS C {©" = [A', B'|| ©'is (k,7)-stabilizable, ||0'|| » <



21

S } for some k > 1 and 0 < v < 1. In particular, for the underlying sys-
tem O,, we have ||K(0,)| < k and there exists L and H > 0 such that
A, +B,K(©,) = HLH ', with |[L|| <1—~and |H|||H"| < &.

Note that the stabilizability condition is necessary and sufficient condition to define
the optimal control problem [[120] and it is weaker than the controllability assumption
considered in prior works [2]], [36], [40]. In particular, the set of stabilizable systems
subsumes the set of controllable systems. Moreover, (k, 7y)-stabilizability is merely a
quantification of stabilizability for the finite-time analysis and it is adopted in recent
works [32]], [39], [40]. One can show that any stabilizable system is also (k,")-
stabilizable for some « and -, conversely, (x, 7)-stabilizability implies stabilizability
(Lemma B.1 Cohen, Hassidim, Koren, et al. [39]). We have the following assumption

on w.

Assumption 2.2.2 (Gaussian Process Noise). There exists a filtration JF, such that for

all t > 0, z;, , are F,-measurable and w,|F, = N (0, 52,1) for some known 7, > 0.

Note that this assumption is standard in literature and adopted for simplicity of
exposure. The following results can be extended to sub-Gaussian process noise
setting using the techniques developed in Lale, Azizzadenesheli, Hassibi, et al. [140].
At each time step, the regulating cost is ¢, = x] Qz; + u; Ru,, where Q € R"*"
and R € R™“ are known positive definite matrices such that ||Q|, | R|| < @ and

Opnin (@) Tmin(R) > a > 0. The goal is to minimize the average expected cost

1 T
J©O,)=lim min =E [ Ztﬂ 2] Qx, + uf Ruy|, (2.2)

T—00 u=[uy ,...,up] T’

by designing control inputs based on past observations. This problem is the canonical
infinite horizon linear quadratic regulator (LQR) problem. If the underlying system
O, is known, the solution of the optimal control problem is a linear feedback control
u, = K(©,)z, with K(0,) = —(R + BIP(0,)B,) 'BIP(0,)A,, where P(0,)

is the unique positive definite solution to
P(,) = AIP(6,)A,+Q—AIP(0,)B.(R+BIP(6,)B,) ' BIP(6,)A,, (2.3)

i.e., the discrete algebraic Riccati equation (DARE), and .J(0,) = o2 Tr(P(0,)).
Note that since the system is stabilizable, J(0,) < oco. In fact, using Assumption
one can show that | P(©)|| < D == ay 'x*(1+ £*) forall @ € S, including
O, (Lemma 2.1 of Lale, Azizzadenesheli, Hassibi, et al. [140]).
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Finite-Time Adaptive Control Problem

In this work, we consider the adaptive control setting, where O, is unknown. The
goal in the finite-time adaptive control problem is to minimize the cumulative cost
ie., Ztho ¢;. In order to design a controller that achieves this goal, the controlling
agent needs to interact with the system to learn the ©, that governs the dynamics.
However, due to a lack of knowledge of model dynamics, the agent takes sub-optimal
actions. In this work, we use regret, R, as the metric to evaluate the finite-time
performance of the controlling agent. The regret quantifies the difference between

the performance of the agent and the expected performance of the optimal controller,
Ry = Etho(Ct - J(6.)).

Learning the System Dynamics

For any given input and state pairs up to time ¢, ©,, can be estimated using regularized
least squares (RLS) for some i > 0: ming Zi;é tr (251 —0OT2) (2,41 —O"2,)7) +
1||©||7. The solution is given as ©, = Vt_lzz;é zwl  where V, = ul +
S'71 2,21, Using Theorem 1 of Abbasi-Yadkori and Szepesvari [2], for any
6 € (0,1), forall 0 < ¢t < T, the underlying parameter ©, lives in E-°()

with probability at least 1 — § where £8°(5) = {0 : ||© — C;)tHVt < B4(d)} for
Bi(8) = oy 2nlog((det(V;)2) /(8 det(u]) %)) + /RS.

2.3 TSAC Framework
In this section, we present TSAC, a sample efficient TS-based adaptive control
algorithm for the unknown stabilizable LQRs. The algorithm is summarized in

Algorithm[I] It has two phases: 1) TS with improved exploration and 2) Stabilizing
TS.

TS with Improved Exploration Due to lack of a priori known stabilizing controller,
TSAC focuses on rapidly learning stabilizing controllers in the early stages of
the algorithm. To achieve this, TSAC explores the system dynamics effectively
in this phase. At any time-step ¢, given the RLS estimate @t and the design
matrix V; as described in Section TSAC samples a perturbed model parameter
(:)t = Rs(é)t + 5,5(5)‘/;1/ 277,5), where R s denotes the rejection sampling operator
associated with the set S given in Assumption and n, € R i¢ a matrix
with independent standard normal entries. Here R guarantees that O, € S and
B(0 )V;_l/ Qnt randomizes the sampled parameter coherently with the RLS estimate

and the uncertainty associated with it. Using this sampled model parameter, TSAC
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constructs the optimal linear controller u, = K ((:)t)xt for ét.

However, to obtain stabilizing controllers for an unknown linear dynamical sys-
tem, one needs to explore the state-space in all directions (Lemma 4.2 of [140]).
Unfortunately, due to lack of reliable estimates in the early stages, deploying the
policy achieved via TS, u;, may not achieve such effective exploration. Therefore, in
the early stages of interactions with the underlying system, TSAC deploys isotropic
perturbations along with the sampled policy. In particular, for the first 7}, time-steps,
TSAC uses u;, = 1, + v, as the control input where v, ~ N(0, 26202 T ). This
improved exploration policy effectively excites and explores all dimensions of the
system to certify the design of stabilizing controllers. TSAC sets T}, such that all the

sampled controllers K (©,) are guaranteed to stabilize the underlying system O, for
all t > T, (Appendix 2.B).

Unlike most of the popular RL strategies that follow lazy updates, TSAC updates
its sampled policy in every fixed 7, steps, i.e., the same sampled policy K ((:)t) is
deployed for 7, time-steps. This update rule is carefully chosen such that TSAC
samples enough optimistic policies to reduce the cumulative regret and avoids too

frequent policy changes which would cause state blow-ups.

Stabilizing TS  After guaranteeing the design of stabilizing policies with improved
exploration in the first phase, TSAC starts the adaptive control with only TS. In
particular, for the remaining time-steps, TSAC deploys v, = K ((:)t)xt for ©, =
Rs(6, + Bt(5)Vt_1/ ’n,) and updates the sampled model parameter in every 7
time-steps. Note that, even though all the policies during this phase are stabilizing,
frequent policy changes can still cause undesirable state growth. TSAC prevents this
possibility by applying the same control policy for 7, time-steps in this phase as well.
During this phase, TSAC decays the possible state blow-ups in the first phase and

maintains stable dynamics.

2.4 Theoretical Analysis
In this section, we study the theoretical guarantees of TSAC. The following states the
first order-optimal frequentist regret bound for TS in multidimensional stabilizable

LQRs, our main result.

Theorem 2.4.1 (Regret of TSAC). Suppose Assumptions|2.2.1\and|2.2.2| hold and
set 7o = 27" log(2kV/2) and T, = poly(log(1/6),0," ., n,d,a,v~ ', k). Then, for
long enough T, TSAC achieves the regret Ry =0 ((n +d)"t /T 10g(1/5)) w.p.
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Algorithm 1 TSAC
1: Input: k,~, Q, R, 02 ,Vy=ul,0, =0
2: fori=0,1,...do ) A
3:  Estimate ©; & Sample ©; = Rs(0; + Bt‘/;—l/Qm)

4. fort=iry,...,(i+1)75—1 do

5: if t <T, then

6: Deploy u;, = K (C:)i)a:t—i-vt { TS with Improved Exploration}
7: else

8: Deploy u, = K (6,)z, {Stabilizing TS}
9: end if
10:  end for

11: end for

at least 1 — 106, if T,, = max (Tg, ¢ (VT log T)1+0(1)) for a constant ¢, > 0.
Furthermore, if the closed loop matrix of the optimally controlled underlying system,
A.. = A, + B,K,, is non-singular, w.p. at least 1 — 105, TSAC achieves the
regret Ry =0 <poly(n, d) Tlog(l/é)) if T,, = max (TO, ¢y (log T)Ho(l)) fora

constant cy > 0.

This makes TSAC the first efficient adaptive control algorithm that achieves optimal
regret in adaptive control of all LQRs without an initial stabilizing policy. To prove
this result, we follow similar approach as the existing methods in literature, and
define the high probability joint event £, = Et N Et N E,, where Et states that the
RLS estimate © concentrates around ©,, E, states that the sampled parameter )
concentrates around ©, and E, states that the state remains bounded respectively
(Appendix [2.C)). Conditioned on this event, we decompose the frequentist regret as,
Rplg, < R+ RRSS 1 RP™ L RIS 4+ REP. where Ry accounts for the regret
attained due to improved exploration, R%LS represents the difference between the
value function of the true next state and the predicted next state, R7"" is a martingale
with bounded difference, R;> measures the difference in optimal average expected
cost between the true model ©, and the sampled model (:) and R§f‘ P measures the
regret due to policy changes. The decomposition and expressions are given in
Appendix In the analysis, we bound each term separately (Appendix 2.F). Before
discussing the details of the analysis, we first consider the prior works that use TS
for adaptive control of LQRs and discuss their shortcomings. Further, we highlight
the challenges in adaptive control of multidimensional stabilizable LQRs using TS

and present our approaches to overcome these.
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Prior Work on TS-based Adaptive Control and Challenges

For the frequentist regret minimization problem given in Section the state-of-the-
art adaptive control algorithm that uses TS is Abeille and Lazaric [4]. They consider
the “contractible” LQR systems, i.e. |A, + B.K(0,)| < 1, and provide O(v/T)
regret upper bound for scalar LQRs, i.e. n = d = 1. Notice that the set of contractible
systems is a small subset of the set S defined in Assumption [2.2.T]and they are only
equivalent for scalar systems since p(A, — B,K(©,)) = |A, — B,K(0,)|. This
simplified setting allow them to reduce the regret analysis into the trade-off between

RP = £ 4{J(8,) - J(0.,)} and REP =X/ EBla], (P(6111) — P(O)w14 | .

These regret terms are central in the analysis of several adaptive control algorithms.
In the certainty equivalent control approaches, R} is bounded by the quadratic
scaling of model estimation error after a significantly long exploration with a known
stabilizing controller [159]], [210]. In the optimism-based algorithms, R;S is bounded
by 0 by design [2], [62]]. Similarly, in Bayesian regret setting, [[175] assume that
the underlying parameter O, comes from a known prior that the expected regret is
computed with respect to. This true prior yields E[R;Tps] =0 in certain restrictive
LQRs. The conventional approach in the analysis of R%" is to have lazy policy
updates, i.e., O(log T") policy changes, via doubling the determinant of V; [3], [[140]

or exponentially increasing epoch durations [32], [63]].

On the other hand, Abeille and Lazaric [4] bound R;° by showing that TS samples
the optimistic parameters, ©, such that .J(©,) < J(6©,), with a constant probability,
which reduces the regret of non-optimistic steps. Unlike the conventional policy
update approaches, the key idea in Abeille and Lazaric [4] is to update the control
policy every time-steps via TS, which increases the amount of optimistic policies
during the execution. They show that while this frequent update rule reduces RP, it
only results with R3? = 6(ﬁ ). However, they were only able to show that this

constant probability of optimistic sampling holds for scalar LQRs.

The difficulty of the analysis for the probability of optimistic parameter sampling lies
in the challenging characterization of the optimistic set. Since J(©)=0?2 tr(P(0)),

one needs to consider the spectrum of P(0) to define optimistic models, which
makes the analysis difficult. In particular, decreasing the cost along one direction

may be result in an increase in other directions. However, for the scalar LQR setting

considered in Abeille and Lazaric [4], J(©)=P(0) and using standard perturbation
results on DARE suffices. As mentioned in Abeille and Lazaric [4]], one can naively

consider the surrogate set of being optimistic in all directions, i.e. P(©) < P(©,).
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Nevertheless, this would result in probability that decays linear in time and does
not yield sub-linear regret. In this work, we propose new surrogate sets to derive a
lower bound on the probability of having optimistic samples, and show that TS in

fact samples optimistic model parameters with constant probability.

In designing TS-based adaptive control algorithms for multidimensional stabilizable
LQRs, one needs to maintain bounded state. In bounding the state, Abeille and Lazaric
[4] rely on the fact that the underlying system is contractive, |A + BK(0)|| < 1.
However, under Assumption[2.2.1] even if the optimal policy of the underlying system
is chosen by the learning agent, the closed-loop system may not be contractive since
for any symmetric matrix M, p(M) < ||M||. Thus, to avoid dire consequences of
unstable dynamics, TS-based adaptive control algorithms should focus on finite-time

stabilization of the system dynamics in the early stages.

Moreover, the lack of contractive closed-loop mappings in stabilizable LQRs, prevent
frequent policy changes used in Abeille and Lazaric [4]. From the definition of
(K, )-stabilizability (Assumption , for any stabilizing controller XK', we have
that A, + B, K' = H'LH'™", with ||L|| < 1 for some similarity transformation H’.
Thus, even if all the policies are stabilizing, changing the policies at every time step
could cause couplings of these similarity transformations and result in linear growth
of state over time. Thus, TS-based adaptive control algorithms need to find the
balance in rate of policy updates, so that frequent policy switches are avoided, yet,
enough optimistic policies are sampled. In light of these observations, our results

hinge on the following:

* Improved exploration of TSAC, which allows fast stabilization of the system

dynamics,

* Fixed policy update rule of TSAC, which prevents state blow-up and reduces

TS
R$? and Ry,

* A novel result that shows TS samples optimistic model parameters with a
constant probability for multidimensional LQRs and gives a novel bound on

TS
RE.

Details of the analysis
The improved exploration along with TS in the early stages allows TSAC to effectively

explore the state-space in all directions. The following shows that for a long
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enough improved exploration phase, TSAC achieves consistent model estimates and

guarantees the design of stabilizing policies.

Lemma 2.4.2 (Model Estimation Error and Stabilizing Policy Design). Suppose
Assumptions |2.2.I| and |2.2.2| hold. For t > 200(n + d)log % time-steps of TS
with improved exploration, with probability at least 1 — 26, TSAC obtains model
estimates such that |0, — 0,y < 75,(0)/(c,V/1). Moreover, after T,, > T, =

poly(log(1/8), 05", n,d, &, v ", k) length TS with improved exploration phase, with
probability at least 1 — 39, TSAC samples controllers K (ét) such that the closed-loop
dynamics on ©, is (k\/2,7/2) strongly stable for all t > T,, i.e. there exists
L and H = 0 such that A, + B,K(©,) = HLH ', with |L|| < 1 — ~/2 and
|HIIEY) < 5y

The proof and the precise expression of 7}, can be collected in Appendix In the
proof, we show that the inputs u, = K (C:)Z)xt + v, for v, ~ N (0, 26202 1 ) guarantees
persistence of excitation with high probability, i.e., the smallest eigenvalue of the
design matrix V; scales linearly over time. Combining this result, with the confidence
set construction given in Section we derive the first result. Using the first result
and the fact that there exists a stabilizing neighborhood around the model parameter
O,., such that all the optimal linear controllers of the models within this region stabilize
O,, we derive the final result. Due to early improved exploration, TSAC stabilizes
the system dynamics after 7, samples and starts stabilizing adaptive control with
only TS. Using the stabilizing controllers for fixed 7, =2~ log(2r1/2) time-steps,
TSAC decays the state magnitude and remedy possible state blow-ups in the first
phase. To study the boundedness of state, define T, = T, + (n + d) 71y log(n + d).
The following shows that the state is bounded and well-controlled.

Lemma 2.4.3 (Bounded states). Suppose Assumptions & hold. For given
T., and T,, TSAC controls the state such that ||z,|| = O((n + d)"™) for t < T,, with
probability at least 1 — 35 and ||z,|| < (126> +2kv/2)y ' 7,1/2nlog(n(t—T,,) /0)
for T'>t>T,, with probability at least 1 — 4.

The proof is given in Appendix [2.C| but here we provide a proof sketch. To bound
the state for ¢t < 7,., we show that deploying the same policy for 7, time-steps in the
first phase maintains a well-controlled state except n + d time-steps, under the high
probability event of Et N E,. Moreover, we show that this slow policy change prevents

further state blow-ups due to non-contractive system dynamics in stabilizable systems.
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To bound the state for ¢t > 7,., we show that, with the given choice of 7, all the
controllers during the stabilizing TS phase halves the magnitude of the state at the
end of their control period. Thus, we prove that after (n+d) log(n-+d) policy updates
the state is well-controlled and brought to an equilibrium as shown in Lemma[2.4.3]
This result shows that the joint event £, = E’t N Et N E, holds with probability at
least 1 — 46 forall ¢t < T.

Conditioned on this event, we individually analyze the regret terms individu-
ally (Appendix . We show that with probability at least 1 — §, R7" yields
O((n + d)"™T,,)) regret due to isotropic perturbations. Ry-> and R™™ are
O((n + d)"*/T, + poly(n,d)/T — T,,) with probability at least 1 — & due to
standard arguments based on the event . More importantly, conditioned on
the event Er, we prove that RE® = O((n+d)""\/T; +poly(n, d)/T—T,) with
probability at least 1 — 28, and R}> = O(nT,,+poly(n, d)\/T—T,,) with probability

at least 1 — 29, whose analyses require several novel fundamental results.

To bound on RgTa P we extend the results in Abeille and Lazaric [4]] to multidimensional
stabilizable LQRs and incorporate the slow update rule and the early improved
exploration. We show that while TSAC enjoys well-controlled state with polynomial
dimension dependency on regret due to slow policy updates, it also maintains
the desirable 6(\/T ) regret of frequent updates with only a constant 7, scaling.
As discussed in Section , bounding R} requires selecting optimistic models
with constant probability, which has been an open problem in the literature for
multidimensional systems. In this work, we provide a solution to this problem and
show that TS indeed selects optimistic model parameters with a constant probability
for multidimensional LQRs. The precise statement of this result and its proof outline
are given in Section Leveraging this result, we derive the upper bound on RP.
Combining all these terms yields the regret upper bound of TSAC given in Theorem

241

2.5 Proof Outline of Sampling Optimistic Models with Constant Probability

In this section, we provide the precise statement that the probability of sampling
an optimistic parameter is lower bounded by a fixed constant with high probability.
Then we give the proof outline with the main steps. The complete proof with the
intermediate results are given in Appendix

Theorem 2.5.1 (Optimistic probability). Let F;" = o(F,_y,z,) be the infor-

mation available to the controller up to time t. Denote the optimistic set by
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St = {@ eRMFxn | J(@)SJ(@*)}. If T, = en* (VTlogT)'™W for a
constant ¢ > 0, then under the event Er for large enough I, we have that
Pt =P {ét e S™ | f;"f7]_3]t} > ﬁ%) Jor any T, < t < T. Furthermore,
if the closed-loop matrix, A, = A, + B,K,, is non-singular, then the bound above

still holds when T, = c(log T)1+O(1) for a constant ¢ > 0.

Surrogate Set Definition

First, we define a surrogate subset S*'" to the optimistic set S°**. The construction
of S*" is important as the geometry of S°** is complicated to study due to (2.3)) that
controls the spectrum of P(0O).

Lemma 2.5.2 (Surrogate set). Let J(©, K):=tr (Q+KTRK)X(0, K)) be the
expected average cost of controlling a system © € S by a fixed stabilizing control
policy K e R™™ where (0, K)=lim,_, . E [z,2]] is the covariance of the state.

The following surrogate set is a subset of S°:
§"i={O=(A, BT R J(0, K(6,)) < J(6,,K(0.))=J(0,)} S
2.4)

Note that X(©, K) satisfies the Lyapunov equation ¥:(0, K)—OTH>(0, K)H].© =
oo I, where HY, == [I, K|, and ©THy = A + BK, given that K stabilizes the
system ©. We can analytically express >(0, K) as a converging infinite sum
(0, K)=0 > (A+BK)"(AT+KTBT)" [120]. Using the properties of the trace
operator, one can write J(0, K(0,))=L(OTH,), where L(A,) =02, > 5%, HAZH;
for any stable matrix 4., Q, = Q+ K(0,)"RK(0,), and H] = [I,K(6,)T].

Therefore, we can lower bound the probability of being optimistic as

i > P{O, e s | B B =P {LO]H) < LOIH.) | " E,}

A _1
Oegl
— min P,{L(O"H, +Z\/F,) < L(OIH,)} (2.6)
6eefs
where P,{-} =P{- | F;"}, F,:==;H]V, ' H, and Z is a matrix of size n x n with

iid A/(0, 1) entries. Here (2.3 considers the worst possible estimate within EX-° and

(2.6) is the whitening transformation.

Reformulation in Terms of Closed-Loop Matrix
In the second step, we reformulate the probability of sampling optimistic parameters
in terms of closed-loop system matrix A,:=OTH,=A + BK(O,) of the sampled
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system © = (A, B)T driven by the policy K (©,). Transitioning to the closed-loop
formulation allows tighter bounds on the optimistic probability. To complete this
reformulation, we need to construct an estimation confidence set for the closed-
loop system matrix A, ;= OTH, = A+ BK(©,) of the RLS-estimated system

o= (fl, B )T and show that the constructed confidence set is a super set to &, RES

Lemma 2.5.3 (Closed-loop confidence). Let F,(8) = 57 (6)HIV, 'H,. For any
t > 0, define by

<5 = {é) e R | g [(G)TH* —OTH,)F,(5)(67H, — @w*)q < 1} ,
2.7)

the closed-loop confidence set. Then, for all times t >0 and § € (0, 1), we have that
EM(6) CE(0).

Note that the definition of &; 1(6 ) only involves closed-loop matrices AC —OTH, and
A..:=0OLH,. We can use the result of Lemma to reformulate the probability
of sampling optimistic parameters, © = (fl, B), as sampling optimistic closed-loop

system matrices, A,. We bound p™* from below as

Pt > mmlIP {L(@TH +EVF) < L(A..)} (2.8)
(SN
=  min P {L(A, +2VF) < L(A..)} (2.9)
Ac AT AL <1
= min P{L(A., + TVF +E2VF) < L(A.)}, (2.10)
T p<1

where (2.8)) is due to Lemma[2.5.3|and (2.9) follows from the fact that H, has full
column rank. Observe that, in equation (2.10), Y is a unit Frobenius norm matrix
of size n X n and the term A, + Y\/Tt accounts for the confidence ellipsoid for
the estimated closed-loop matrix, /1
closed-loop matrix, A, + (= + T)\/_ of the TS sampled system in the sublevel
manifold M, := {A, € M, | L(A,) < L(A..)} as illustrated in Figure[2.1]

The event in (2.10) corresponds to finding the

Local Geometry of Optimistic Set under Perturbations
Next, we further simplify the form of the probability in (2.10) by exploiting the local

geometric structure of the function L : A, — o2, Yoo ||At defined over the set

lo.
of (Schur-)stable matrices, Mg, ={A.€M,, | p(A.) <1}. The following lemma

characterizes perturbative properties of L.
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Lemma 2.5.4 (Perturbations). The function L : Mg, — R, defined as L(A,) =

2 . o . .
o2 Yoo ||AZHQ is smooth in its domain. For any A, € Mg, there exists € > (
such that for any perturbation |G| < €, the function L admits a quadratic Taylor

expansion as
1
L(A,+G)=L(A,)+VL(A,) e G+ EG e Hy 1+oc(G) (2.11)

forans € [0,1] where H,_: M,, — M,, is the Hessian operator evaluated at a point
A. € Mgy In particular, we have that VL(A, ) = 2P(0©,)A, . X,. Furthermore,
there exists a constant v > 0 such that |G @ H 4 1 (G)| < r||G||% for any s € [0,1]
and |G||r < e.

Lemma [2.5.4] guarantees that if a perturbation is sufficiently small, the perturbed
function can be locally expressed as a quadratic function of the perturbation. Since
the set of stable matrices, Mg, is globally non-convex and Taylor’s theorem only
holds in convex domains, we restrict the perturbations in a ball of radius € > 0. The
fact that there is a neighborhood of stable matrices around a matrix A_ enables us
to apply Taylor’s theorem in this neighborhood.

Given the optimal closed-loop system matrix A, ., let e, > 0 be chosen such that
the expansion in (2.11)) holds for perturbations |G|

perturbation due to Thompson sampling and estimation error as G, = (= + T)\/Ft

r < €, around A . Denote the

and let ||G,||r < €,. Then, we can write
1
L(AC’* ‘I‘ Gt) - L(AC’*) + VL(AQ*) [ ] Gt + §Gt L] HAC,*+SGt (Gt)
< L(A.) + VL(A.) 0 G+ S (Gl 2.12)

where 7, >0 is a constant due to Lemma[2.5.4] Using (2.12)), we have the following
lower bound on (2.10),

N

A 1 A A 1
p > min P{ZIE+T)F 3+ VEe (B+T)F <0, and [(E+T)F7||r < e},
T T p<t 2

(2.13)

where VL, :=VL(A..). The event in (2.13) corresponds to finding A, + (2 +
T)\/F; at the intersection of the stable ball B3, :== {A, e M, | |[A. — A..|lr < e}

and the sublevel manifold M3 .= {A. € M,, | [|A. — A, + 7. 'VL,||p < |r.'VL.||p}
as illustrated in Figure[2.1]
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The intersection Mid N B, C M, serves as another surrogate to sublevel manifold
M., Switching to the new surrogate M3* helps us overcome the issue of working
with intractable and complicated geometry of M, due to infinite sum in L(A.). We
can utilize techniques relating to Gaussian probabilities as the geometry of M s

described by a quadratic form.

Figure 2.1: A visual representation of sub-
level manifold M,. O is the origin and
A, is the optimal closed-loop system
matrix. T M, is the tangent space to
the manifold M, at the point A_, and
. VL, is the Jacobian of the function L at
A M is the sublevel manifold of the
quadratic approximation to L and B, is a
small ball of stable matrices around A, .
The intersection M3 N B, is a subset of

M.,.

Final Bound

Equipped with the preceding results, we can bound the optimism probability tractably
from below by the probability of a TS sampled closed-loop system matrix lying
inside the intersection of two balls M3 N B, as given in (2.13). By bounding the
weighted Frobenius norms in (2.13)) from above by .., ;, the maximum eigenvalue
of F,, and normalizing the matrix VL,/F}, we can write

o : Ty -~ -, 5 =N
pP™> min IPt{EAmax,tH:‘FT”?:‘i‘(VL*\/F}) o (E+7) <0, and N\ |2+ T3 < ef}

[T <1

VL FE™)e(Z+T)  —Apir: |2+ T ) 2
— min P, ( : ):/(2 - )S | 7 ”F, and |+ T3 <= 1.
Tl <1 IVL.F,”| » 2| VL. E"||p Amax,t
(2.14)
A 1/2
Observe that the inner product (VL,F,”*) e T is maximized by Y = %
*Tt F

subject to || T|| < 1. Since the probability distribution of |2+ ||% is invariant

under orthogonal transformation of = and Y, (2.14) also attains its minimum at Y.
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Thus, we can rewrite (2.14) as

opt VL.F/)e= Lo Pt

( + —_ 2 — 2
e T VR <——F— |2+ 1 cand |24+ 7T <
L t{ IVLEP|ls 2 VLE"||p | 4l and [[Z 4+ Tyl

max,t

Amax /r.* z

=P e+l < —— 2B ((641)° 4+ X), and (£+1)+ X < ¢
VL], X

(2.15)

where £~ N (0,1) and X ~ XiQ_l are independent standard normal and chi-squared
distributions, and (2.15)) is derived by rotating = so that its first element is along the
direction of VL*Ftl/ *. We use the following lemma to characterize the eigenvalues
of F, and control the lower bound (2.13)) on p;™.

Lemma 2.5.5 (Bounded eigenvalues). Suppose T,, = O((v/T)" M), Denote the
minimum and maximum eigenvalues of I, by A, ; and A, , respectively. Under
the event L, for large enough T, we have that X, < C lngT and f\ma"’t <C Tchng

forany T, <t < T fora constant C' = poly(n, d,log(1/0)).

min,t w

Lemma[2.5.5|states that maximum eigenvalue and the condition number of F; are
controlled inversely by the length of initial exploration phase 7, and proportionally
by log T"and 1" log T given that exploration time is bounded by a certain amount. The
length of initial exploration 7, relative to the horizon 7' is critical in guaranteeing
asymptotically constant optimistic probability p{™. Although more lengthy initial
exploration will lead to better convergence to constant optimistic probability, it also

incurs higher asymptotic regret due to linear scaling of exploration regret with 7.

Using the relation HVL*Ft% | 7 > max(opn « HFE 7, Aiin,t |V L,| r) where o, . is
the minimum singular value of V L, we can further bound (2.13) from below. From
Lemma2.5.4, we can write VL, =2P(0,)A. X, where P(0,) > 0 is the solution to
the DARE in (2.3) and £, = X(0,, K,) > 0 is the stationary state covariance matrix.
Notice that the minimum singular value of V L, is positive (i.e.V L, is full-rank) if

and only if the closed-loop system matrix, A, ,, is non-singular.

In general, A, , can be singular. Assuming that T}, = O((VT)" W), under the event
Ep,we canuse |[VL,F2|| >/ Auninsl| VL. || F to obtain the following lower bound

€y

Amax,t

2

}
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on p for T, <t <T:

opt>]Pt{£+1<_\/ max,t / max,t 5_'_ +X),and(§+1) —}-X<>\ }
mlnt max,t
2
> IP{£+1 S VT logT ? bt }

0 T ((€+1)*+X), and (£ +1)>+ X < Tloa T

where p, = |[r;'VL,|r. Choosing the exploration time as T = w(v/TlogT)

\/>10gT

makes the coefficients = 0(1) to be very small and ;% to be very large,

leading to constant lower bound on limiting optimistic probablhty hm infp_, o po?t >
P{¢+ 1< 0} = Q).

On the other hand, if A, is non-singular, then we can use the alternative bound

IVLAFi F > 0mins | VE N F = Ominx / Amax.¢ to obtain the following lower bound
for 7, <t<T:

20

VO [logT ) T,
< —
_IP{§+1_ o\ T, ((€+1)°+ X), and (£ +1)° +X_C’logT

o .
pgpt>Pt{f+1§_—i((f+1>2+X)>and(£+1>2+X§)\€* }’
min,* max,t

Similarly, choosing the exploration time as T,, = w(log T') makes the coefficients
\ /%ﬂ = 0o(1) to be very small and T—w = w(1) to be very large, leading to constant

lower bound on limiting optimistic probablhty liminf;_, 10°"t > Q(1).

In both cases, the optimistic probability achieves a constant lower bound for large
enough T as p3** > Q(1)(1 + o(1))~". This result can be interpreted in a geometric
way as follows. As the time passes, the estimates of the system become more
accurate in the sense that the confidence region of the estimate shrinks very quickly
as controlled by the eigenvalues of F}. Similarly, the high-probability region of TS
samples also shrink very fast controlled by the covariance matrix F;. Therefore, for
large enough 7', the confidence region of the model estimate and the high-probability
region of TS samples get significantly smaller compared to the surrogate optimistic
set M3 N B,. This size difference effectively reduces the probability of finding a
sampled system in MY N B, to the probability of finding a sampled system in the
half-space separated by the tangent space TAC’*M*.

2.6 Numerical Experiments
Finally, we evaluate the performance of TSAC in longitudinal flight control of Boeing

747 with linearized dynamics [[113]. We compare TSAC with three adaptive control
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Table 2.2: Regret and Maximum State Norm After 200 Time Steps in Boeing 747
Flight Control

Average Average
Algorithm  Regret  Top95%  Top90% | max|z|, Top95%  Top 90%
TSAC 458 x 107 1.43x10° 949 x 10* | 1.23 x 10° 1.07 x 10° 9.77 x 10"
StabL 1.3 x 10*  1.05 x 10>  9.60 x 10° | 3.38 x 10"  3.14 x 10"  2.98 x 10"
OFULQ  1.47x10® 4.19x10° 9.89x10° | 1.62 x 10> 5.21 x 10*  2.78 x 10
TS-LQR  5.63 x 10" 3.07x 10"  5.33 x 10° | 6.26 x 10* 1.08 x 10>  6.39 x 10?

algorithms in literature that do not require an initial stabilizing policy:

(i) OFULQ of Abbasi-Yadkori and Szepesvari [2];
(i1) TS-LQR of Abeille and Lazaric [4]];

(iii) StabL of Lale, Azizzadenesheli, Hassibi, et al. [|140].

We perform 200 independent runs for 200 time-steps for each algorithm and report
their average, top 95% and top 90% regret and maximum state norm performances.
Note that, since optimistic control design is computationally intractable, we use
projected gradient descent to heuristically find optimistic models in OFULQ and
StabL. For fair comparison, we also adopt slow policy updates in OFULQ and TS-
LQR and report the best results of each algorithm. Further details are in Appendix
[2.H| The results are presented in Table[2.2] Notice that TSAC achieves the second best
performance after StabL.. As expected, StabL outperforms TSAC since it performs
much heavier computations to find the optimistic controller in the confidence set,
whereas TSAC samples optimistic parameters only with some fixed probability.
However, TSAC compares favorably against both OFULQ and TS-LQR, making it

the best performing computationally efficient algorithm.

2.7 Conclusion and Future Directions

We present the first efficient adaptive control algorithm, TSAC, that attains optimal
regret of O(\/T ) in stabilizable LQRs without an initial stabilizing policy. We design
TSAC to quickly stabilize the system and avoid state blow-ups via careful policy
updates. Building on these design choices, the main technical contribution of this
work is to show that TS samples optimistic parameters with constant probability in

all LQRs, thereby resolving the conjecture in Abeille and Lazaric [4].

This result highlights that a simple sampling strategy provides effective exploration to

recover low-cost achieving controllers in adaptive control of LQRs which yields order
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optimal regret. An important future direction is to investigate whether TS achieves
optimal regret in partially observable LTI systems, e.g. [136], [139]. Moreover, to
obtain constant probability of sampling optimistic parameters for general LQRs,
TSAC requires 1), = w(\/T log T') time-steps of improved exploration (Theorem
[2.5.1)), which causes the regret to be dominated by this phase. This long exploration
is avoided in LQRs with non-singular optimal closed-loop matrix, which results in
regret that scales polynominally in system dimensions (Theorem [2.4.1)). It remains
an open problem whether this polynomial dimension dependency in regret can be

achieved via TS in general LQRs.

2.A Organization and Notations

In Appendix 2.A] we provide the notation tables for the paper. In Appendix we
provide the system identification and stabilization guarantees of TSAC. In particular,
we give the proof of Lemma [2.4.2] and give the precise duration of the TS with
improved exploration phase 7,,. In Appendix [2.C] we show that under the joint
event of Et N E, the state stays bounded as described in Lemma with high
probability. In Appendix we provide the precise regret decomposition and
discuss the individual terms in the regret upper bound. In Appendix we provide
the complete proof of Theorem [2.5.1] as well as the intermediate results discussed in
the main text. Appendix comprises the analysis of individual terms in the regret
decomposition. In particular, Appendix [2.F{studies i7", Appendix 2.Fstudies RRSS,
Appendix studies R7™", Appendix considers R7°, Appendix bounds
R$®, and finally we combine these results to prove the regret upper bound of TSAC
in Appendix [2.F In Appendix [2.G| we give the technical theorems and lemmas
used in the proofs. Finally, in Appendix [2.H| we give the implementation details
of all algorithms. Before proceeding the next section, we define the following high
probability events which are standard in TS-based algorithms. First recall the RLS
confidence ellipsoid given in Section [2.2}

E°(0) ={0: 110 = O4lly, < B(0)},

for 3,(5) = 0/ 2n log((T det(V,)"/?)/(5 det(ul)' /%)) + /jiS. Further define
EF(0) = {0 :[|© = Oy, < v,(0)}.

for v,(0) = B,(8)n+/(n + d) log(n(n + d) /). Define the events

E, = {¥s <t,0, c EF(0)} (2.16)
E, = {Vs <t,0, c&®0)). (2.17)
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As described in Section E, defines the event that RLS estimates ©, concentrate

around ©, and Et defines the event that the sampled model parameter concentrates
around (:)t. From standard Gaussian tail bound and the self-normalized estimation
error, we have that ENE forallt < T, with probability at least 1 — 2§. Here the time
dependency dropped since E = ET C...C El and £ .= E; C ... C E,. These
events will be key in providing all the technical results starting from stabilization

guarantees to final regret upper bound.

This section contains two tables which list the notations used throughout the paper
for improving readability. In particular, Table [2.3| provides the system dependent
notations and the useful notations for presenting the design of TSAC. In Table[2.4] we
present the notation used in deriving theoretical results, namely, the regret analysis
and the lower bound on the probability of selecting optimistic parameters. Further

details are also referenced to the related parts of the paper.
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Table 2.3: Useful Notations for the Design of TSAC

System Not. | Definition

0, Unknown discrete-time LTI system with dynamics of ; [A, B,

X State of the system € R"

Uy Input to the system € R?

Wy Process noise as defined in Assumption N(0, o2l )

2 Stack of current state and input; [z] /]

Q,R Known cost matrices; ||Q]], || R|| <& and 0, (Q), Opin (R) >a >0

c Quadratic cost at time ¢; z] Qx, + u] Ru,

) Set of (k, )-stabilizable and bounded systems that ©, belongs (Assumption
P(O) Unique p.d. solution to DARE (2.3) for a stabilizable system © = [A B]"
K(©) Optimal controller for ©; —(R 4+ BTP(©)B) 'BTP(0)A

J(O) Average expected cost of system ©; o2, Tr(P(©))

K Bound over all possible optimal controllers in S; supgeg £(O)

D Bound over all possible solutions to inS; ay 'K (1 + £

TSAC Not. |

&) Least squares estimate of O, using the history of inputs and states; [121 B]T
1 Regularizer for least squares; set to (1 + £%) X2

Vi Regularized design matrix; ul + ZZ;E 2s2)

i Random matrix with iid standard normal entries used for sampling systems
Rs(+) Rejection sampling to make sure that sampled system belongs to S

) System obtained via TS; Rs(6; + 3,(6)V; /1)

v Improved exploration; u, = K(©,)z, + v, for v, ~ N(0,2x*021)
Quantities |

4] Fixed probability to define high probability events; (0, 1)

T Time horizon

T, Duration of TS with improved exploration; defined in Theorem

X, Upper bound on state after stabilization; ||z,|| < X, for t > T, w.h.p.

S Upper bound on the Frobenius norm of ©,

B(0) Size of the RLS confidence ellipsoid at time t; o \/ 2nlog (;}fttm - /2> +/1S
v,(0) Size of the sampling ellipsoid at time ¢; 5,(d n\/ n + d)log(n(n + d)/9)
To Fixed duration for each sampled policy; 2y~ log(2/f\/_ )

Ty Number of samples required to identify a stabilizing controller; (2.19))

T, Time required to control the state w.h.p.; T,,+ (n+d) 7, log(n + d)
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Table 2.4: Useful Notations for the Analysis

Regret Analy. ‘
Ry Regret of TSAC at until time 7'; Ry = ZtT:o(Ct - J(\,))
Fi Filtration such that for all ¢ > 0, x;, z; are F,-measurable
F Information available to the controller up to time ¢; o(F,_y, x,)
Ry '? Regret attained due to improved exploration (Appendix
RRTtS Cost-to-go difference of the true and predicted next states (Appendix
Rp™ Martingale with bounded difference (Appendix [2.E)
R Difference in .J(©,) and .J(©) (Appendix ;
RSP Regret due to policy changes (Appendix [2.E)
EFS(6) Regularized least squares confidence ellipsoid; {O© : ||© — étHVt < 5,(0)}
£(0) Confidence ellipsoid for sampled system; {© : ||© — @tHVt < v, (0)}
E, Event of {Vs <t,0, € £8(0)}
E, Event of {Vs <t,0, € £&°(5)}
E, Event of {Vt < T, ||lz,| < (n+d)" ™ and Vt > T, ||z,|| < X}
E, E,=E,NE,NE,
Optimism Analy.
St Optimistic set; {@ —(4, B)TeRFxn | J(©)< J(@*)}
¥ Probability of selecting optimistic system; IP {(:)t e S™ | 7™, Et}
J(©,K) Average expected cost of controlling © with a stabilizing controller K
(0, K) Covariance matrix of the state in system © under controller &
H] Concatenation of identity and optimal controller K(0,); [/, K(©,)T]
Q. Q+K(6,)RK(®,)
L(A.) Function that maps any stable matrix A, to o2, Yoco ||Ai||2Q
F, Confidence interval for estimated closed-loop system; 5> HIV, ' H,
Amax.t Maximum eigenvalue of F;
Amin Minimum eigenvalue of F}
= Random matrix of size n x n with iid AV/(0, 1) entries
A Closed-loop system matrix of the ©, driven by K(0,); ©OTH,
A, Closed-loop system matrix of the © driven by K(6,); OTH,
A, Closed-loop system matrix of the © driven by K (6,); OTH,
E(8) Closed-loop confidence set that is super set to £X°(0); Z.7)
T Unit Fro. norm matrix s.t. T\/E is the h.p. confidence ellipsoid on A,
M, Manifold of square matrices of dimension n; R™*"
Mschur Manifold of (Schur-)stable matrices in M,,; {A, € M,, | p(A,) <1}
M, Sublevel manifold in Mg, S.t. {AC € Mg | L(A,) < L(Aq*)}
G, Perturbation around A, ,; (£ + T)VE,
VL, Jacobian operator of L(-) evaluated at A, € Mg,
O min, » Minimum singular value of VL,
Ha, Hessian operator of L(-) evaluated at A, € Mgy,
B, Stable ball for some constant e,; {A. € M, | [|[A. — A..||r < €.}
MY Sublevel manifold; {A, € M,, | [|A,— A+, 'VL,||z<|r,'VL,| r}
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2.B System Identification and Stabilization Guarantees

In this section, we show that improved exploration of TSAC provides persistently
exciting inputs, which will be used to enable reaching a stabilizing neighborhood
around ©,. From Assumptlonn we have that B[z, 2], | F] = 05,1 Thus, with
the input u, = K(0,)z, + v, for v, ~ N(0, 2x°0? I) we have that E[z,, 2], | Fy] =
%I. Using Lemma|[2.G.5| we have that V; = t—[ for ¢ > 200(n + d) log ¢ 12 with
probability at least 1 — 0. Using the RLS estimate error bound given in Section[2.2]

i.e., under the event of Et we have

16, — 0,|, < b (2.18)

)‘min(‘/:f)
with probability at least 1 — 0. Plugging in the \,;,(V;) in its place yields the first

result.

For the second result, we use Lemma 4.2 of Lale, Azizzadenesheli, Hassibi, et al.
[140]. Recall that D =@y 'x*(1 4+ x°). Lemma 4.2 of Lale, Azizzadenesheli,
Hassibi, et al. [140] states that for any (k, 7)-stabilizable system O, and for any
e < min{\/(ain)/(142D7), 1/(54D"}, such that ||©' — ©,]| < &, K(@') produces
(kV/2,7/2)-stable closed-loop dynamics on O, such that there exists L and H > 0
such that A, + B, K(0') = H'LH'™", with ||L|| < 1—~/2and | H'|||H'™|| < kv/2.
Under the event of £ N E, we have |6, — O, ||, < 2422%®) ypder the event of

R B V mm( T)
E N E, this yields ||©, — ©,]|, < M\;’f()) with probability 1 — §. Combining

this result with the required ¢ for finding the stabilizing neighborhood, for TS with

exploration duration of

ST 49(Br(6) + vr(9))”

w = B Ow min{(ain)/(lzﬁl)?), 1/(542D10}7 (2.19)

TSAC achieves (k+/2,7/2)-stable closed-loop dynamics on ©,, with probability at
least 1 — 34.

2.C Boundedness of State, Proof of Lemma[2.4.3

In this section, we show that under the joint event of E N E and the stabilization
guarantee of the previous section, the state is bounded at all times during TSAC
and it is well-controlled during the stabilizing TS phase, i.e.provide the proof of
Lemma [2.4.3] We first consider the evolution of state for ¢ < 7T,,. To bound the
state for the first phase, we adapt the state bounding strategy given in Section 4.1

of Abbasi-Yadkori and Szepesvari [2]] for contractible systems to the stabilizable
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systems via the slow policy changes of TSAC. To this end, define the following

= 18’%3 —n-+d

t t ) +(||B*||0-V+O-w) ZnIOg )

YT Be 1) 5
for
72 sup A, + BKO),  Zp = max 2], U=
7] - (S;ég * * ) T — 12%}7% Zt 9 - H
1/(n+d+1

2S(n+d)n+d+1/2 /( ) 1

G=2 , Uy=
VU 1672 max (17 82(n+d72))

and where H is any number satisfying

(aw\/n(n + d) log (%) + /\1/25)
where M = sup

27 72
H>max(16, 457 M ),
y>1 Y

(n+d)U,

Under the joint event of Et N Et, Abbasi-Yadkori and Szepesviri [2] show that the
norm of the state is well-controlled except n + d times at most in any horizon 7,..
Denoting the set of time-steps that the state is not well-controlled by 7;, the following

lemma formalizes this argument:

Lemma 2.C.1 (Lemma 18 of Abbasi-Yadkori and Szepesvari [2]]). We have that for
any 0 <t <T,

~ n+d 1
(6.~ 6,)7=|| < GZF 1 (5,(5) + v(o)) .

max
s<t,s¢T,

Notice that this lemma is updated for TS. Moreover, it does not depend neither on the
contractibility of the underlying system on the standard basis nor on the stabilizability.

Equipped with this result, we write the closed loop system as
fL’tJrl — Ftl‘t + Tt

where

r— A+ Bt—lK(ét—1) t¢Tr, and 7 — (0, -6, )%+ By +w, t ¢ Tr,
' A, + B.K(©, ;) teTr, ! B.v, + w, teTr,

(2.20)

Starting from z, = 0, we obtain the following roll out for the state,
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vy =0 2 4+ =T (Dary o +10) + 14
=0l ol sy s+ Ty Uyory o + Ty + 14
=0l Doy + -+ D Do o + Dy 41y

t t—1
=> (H Fs) I, (2.21)

Recall that the sampled model is an element of S due to rejection sampling, thus, it
is (k,~y)-stabilizable by its optimal controller (Assumption [2.2.1)):

1—v> max p <%~1t - BtK(C:)t)> . (2.22)

Notice that multiplication of the closed-loop system matrices are not guaranteed to
be contractive without a similarity transformation. Therefore, unlike Abbasi-Yadkori
and Szepesvari [2] that bounds the rollout terms via contractive mappings due to their
assumption of contractive systems, we need to make sure that the policy changes does
not cause unexpected growth in the magnitude of the state. The slow policy update
schedule, i.e., using all the sampled controllers for fixed 7, time-steps, allows us to
prevent such undesirable outcomes, In particular, by setting 7, = 2" log(2k/2),

we have that

|| < 35T <

SR —1) max ||7’k||) (2.23)

1<k<t

Moreover, we have that ||| < H(@* — ék—l)TzkH + || B,v;, + wy|| when k ¢ Tr,

and ||| = ||B.vi, + wy|| , otherwise. Hence,

(@* - ék—l)TZk

max ||r]| < max
k<t k<t k@,

+ max | B.vy + wy||

The first term is bounded by the Lemma[2.C.1| The second term involves summation
of independent || B, ||o, and o, Gaussian vectors. Using standard Gaussian tail
nt

inequalities, for all £ < ¢, we have || B,v), + wy|| < (|| B.[|o, + 0,,)4/2nlog % with
probability at least 1 — §. Therefore, on the joint event of ENE ,

18k37" nid ) nt

< - ntd+1 2(ntdt1) i
2|l < N GZ; (8:(0) + v(9))2+4+D + (|| B,||o, + 0,)1/ 2nlog 5

(2.24)
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for t < T,, with probability 1 — §. Notice that this bound depends on Z, and (3,(9)

which in turn depends on x,. Using Lemma 5 of [2]], one can obtain the following
bound
|z, < (n+d)"™. (2.25)

for some constant ¢’ for all ¢+ < T,, with probability 1 — 35, which gives the first
advertised result.

To bound the state for ¢ > T,,, we show that, with the given choice of 7, all the
controllers during the stabilizing TS phase halves the magnitude of the state at
the end of their control period. In particular, during the stabilizing TS phase, the
closed-loop system dynamics can be written as =, ; = (A, + B, K (0,))x, + w, =
OlH k(6,) T w;. From the choice of T, for the stabilizable systems, we have that
OlH o, is (kV/2,7/2)-strongly stable. Thus, we have p(OIHe,) <1—7/2
for all t > T, and || H,||||H; || < xv/2 for H, = 0, such that || L,|| < 1 — ~/2 for
O©lHye, = H,L,H;"'. Then for T > t > T,, if the same policy, Ol Hy g is
applied starting from the state z;, , we have the following state roll-out on the event
of Et N Et

(2.26)

]| =

t t t—1
[ ettx@en, + D (H@lﬂz«@) o

i=T,,+1 i=T,+1 \s=i

t
< V21— /2 g [+ e ol [ S0 VAL~ y/2)
v - i:Tw+1

(2.27)

< kV2(1 —/2)" |z, || + %:ﬂﬁn log(n(t —T,,)/9) (2.28)

with probability at least 1 — §. Since 7, = 27" log(2kv/2), we have xv/2(1 —
v/2)™ < 1/2. Therefore, at the end of each controller period the effect of previous
state is halved. Using this fact, at the ith policy change after T, we get

i—1
i _.Qng\/ﬁ
|| < 27 g, I+ 2 JT\/%log(n(t —T)/9)

j=0

) 4 2
<27 ag || + “wawn log(n(t — T,,)/0)

Foralli > (n+d)log(n+d) —log(%5 V/2nlog(n(t — T,)/d)), at policy change

1, we get

< 650—;’\/5\/271 log(n(t — T,)/9).

thi
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Finally, from (2.28)), we have that

(12/@2 + 262

|| < )% V2nlog(n(t — T,,)/3), (2.29)

with probability 1 — 46 for all t > T, :== T,, + ((n + d) log(n + d)) 75. Based on
2
this result, let X, = % V/2nlog(n(T — T,,)/5). We define our final good

event,

E,={M<T, ||z < (n+d)" and Vt > T,, ||z,|| < X,}. (2.30)

Notice that the joint event F;, = Et N Et N E, holds with probability at least 1 — 4.

This event will be the key conditioning in the regret decomposition and the analysis.

2.D Constant Probability of Sampling Optimistic Models

In this section, we give the proof of the main technical contribution of this work,
showing that TS samples optimistic model parameters with constant probability
(Theorem [2.5.1)). The proof follows the outline provided in Section [2.5] We first
provide the proofs of each lemma in Section [2.5] In particular Lemma [2.5.2] is
proven in Appendix [2.D] Lemma [2.5.3]is studied in Appendix [2.D] Lemma[2.5.4]in
Appendix and Lemma[2.5.5]in Finally, we combine these results to prove

Theorem [2.5.1]in Appendix

Proof of Lemma
Given a stabilizable system © = (A, B)T, and a stabilizing linear feedback controller
K, we can find the LQR cost as follows

J(©,K) = Th_rgo % E [Zil ] Qr, + utTRut] , (2.31)
1
= Jim —F [Z; tr((Q + KR )z,a])] (2.32)
1
= lim tr ((Q + KTRE) Z; E [xta:tT]> : (2.33)
=tr((Q + KTRK)%(0, K)) (2.34)

where (0, K) = limy_y  + ST E[z,2]] is the stationary state covariance of
the closed-loop system. In (2.32), we used the feedback control policy relation
u;, = Kz, and trace trick for inner products of vectors. Note that the closed-loop

system evolves as

T = (A+ BK)z, + w,. (2.35)
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The covariance of the state at time ¢ can be written as a recursive relation

E [2e2]y,] = B[((A+ BK)xz, + w)((A+ BK)x, + w,)T] (2.36)
= (A+ BK)E [z,2]] (A+ BK)" 4+ E [wyw]] (2.37)
= (A+ BK)E[z,2])] (A+ BK)" + 021 (2.38)

where (2.37) is because I [w,] = 0 and w, and x, are independent. Since p(A +
BK) < 1, the above iteration converges to a finite fixed-point. Furthermore, we

have the following relation

1 T 1 T
T thl E [zp204] = (A+ BK)f thl E [z2]) (A+ BK)" + 0,1
(2.39)

Denoting by ¥7(0, K) = 7 L ST I [x,2]] the finite averaged state covariance, we

have the following

£ [$T+1$;+J - E [xlxﬂ
T

(0, K) + = (A4 BK)S0(0,K)(A+ BK) + 0.1

(2.40)

Taking the limit of both sides as 7" — oo and noting that I [:ET Tk +J has a finite

value at the limit, we obtain the following Lyapunov equation
%(0,K) = (A+ BK)X(0,K)(A+BK)" + 0.1 (2.41)

whose solution is given by the following convergent infinite sum
=> (A+BK)'o,I((A+ BK)")' (2.42)
t=0

It is well known that the optimal control policy of infinite-horizon LQR systems can
be achieved by stationary linear feedback controllers [19]]. Therefore, we can find the
optimal LQR cost of a stabilizable system by minimizing its closed-loop cost among

all stabilizing stationary linear feedback controllers.

Suppose © € §™", ie., J(©,K(0,)) < J(O,,K(0,)). Then, the optimal LQR
cost of © is given as

J(O)=J(©O,K(0)) = min J(O K) (2.43)

KGRdX"
< J(O,K(0,) £ J(0. K(0.) = J©O,) (244

where (a) is due to © € S™". Thus, © € S°. |
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Proof of Lemma
The following lemma will be used as the backbone for Lemma

Lemma 2.D.1. Let V;,V, € R"™" be symmetric positive semi-definite matrices.

Define two ellipsoids as

& ={0eR”™ | r(0V;0) <1} and & :={0cR”"| tr(071,0) <
(2.45)

Then, & C &, ifand only if V; = V5.

Proof. For the forward direction, assume V; — V, has a negative eigenvalue, i.e.,

there exist A < 0 and a unit vector § € R"/{0} such that (V; — ;)0 = \0. Construct

©=1[0,0,...,0] € R"™™. Observe that tr (OTV,0) = mfTV,6 and tr (OTV,0) =
méTV,0. Therefore, we have the relationship tr (©TV,0) = tr (0TV,0) — mA.

If V16 = 0, then tr(©TV,©) = 0 < 1 and therefore for any scalar &« > 0, a© € &;.

On the other hand, tr (©7TV,0) = —mA\ > 0 and therefore, one can find a scalar

o > 0 such that tr ((a©)V,(a©)) = —mAa® > 1, i.e.a® ¢ &, If V0 # 0, then

define @' = ;Tv 9@ and observe that tr (@'TVl@') =1,ie,0 € &. Onthe
m 1

other hand, tr (@’TV'Q@’) =1- ﬁ >1,ie.,© ¢ &,. Therefore, we have that if
& C & then V) = Vs,

1

For the reverse direction, assume that V; = V,and © € &;. Then, tr (O7(V; — V,)0) >

0 and tr (©7V,0) < tr (©"V,0©) < 1. Therefore, O € &,. [

Proof of Lemma Let us rewrite the the ellipsoids. For the time being, we

will drop ¢ dependence for simplicity.

S {0 e R | u ((6- 0,750 - 0,)) <1}, (2.46)
& = {é e R | gy ((é —©,)TH,F, HI(6 — @*)) < 1} .47

In order to prove the lemma, it is necessary and sufficient to show 3; 'V, = H, F, ' H]
1

by Lemma [2.D.1| Eliminating b, terms from both sides and multiplying by V, 2

from left and right, we obtain the equivalent condition,

IV, *HL(HIV ) T HIV, ® = V) 2 H (HIV, L) (HIV L) 2 HIV,
(2.48)

N

Y
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In other words, we have that E8-° C £ if and only if||(HIVle*)*%HIVf§||2 <1
Notice that

|V HL) 2 HIV; 2|} = o ((HJ V,'H,) T H] %‘5)2 : (2.49)
= Amax (V[%H*(HI%“H*)”HIW%) . (250)

= A ((HIV, HL) S IV HL(HIV HL) 7))
(2.51)
= Apax (I) = 1, (2.52)
where we used the fact that 01 (A) = \/Apax(ATA) = \/Anax (AAT). This is true
for any time ¢ and 0 and therefore completes the proof. |

Proof of Lemma 2.5.4]
The following lemma guarantees existence of a stable neighborhood around any

stable matrix.

Lemma 2.D.2. Let A, € Mgy, ie., p(A.) < 1. Then, there exists ¢ > 0 such
that for any A € M,, with ||A||p < 1, we have that A, + eA € Mgy, Le.,
p(A.+€eA) < 1

Proof. Per Gelfand’s formula, we have that for any 6 > 0, there exists N; € N such
that

p(Ae) < | ALIE* < p(A) +6 (253)
for any k > Nj. Since the mapping A, — ||A]§||}/ * is smooth for any k € N, we can
write the following expansion by Taylor’s theorem for any £ € R

d
A+ 2) [ = AL + eI

where A € [0, 1]. Foragiven ¢ € R, there exists a constant M, , > 0 such that for any
|Allz < 1, we have that |$||(A, + tA)k||}/k| < M, by Taylor’s theorem. Then,

we can write the following upper bound

A, + tA)F| N (2.54)

1(Aq A+ tAYF | < AR + (8] M, g (2.55)

Using the relation (2.53)) and the upper bound (2.55)), we have that for any > 0,
t >0, and [|Al[r < 1, there exists N5 € N and M, . > 0 such that

A+ A) < [[(Ac+ )V < AN 1 eM,y, (2.56)
< p(A.) + 0+ tM, y, (2.57)
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Fix a 0 > 0 such that p(A,) +d < 1 and fixat > 0. Then, we can find 0 < e <t
such that p(A.) + 6 + €M, y, < 1 and thus

p(A.+eA) < p(A.) +0+eMyy, <1 (2.58)

for any [| Al < 1 by @.57). u

Proof of Lemma For any A, € Mgy, there exists a constant ¢ > 0, such
that for any ||A]|z < 1, we have that A, + €A € Mg, by Lemma To see
smoothness of L, we write A, .= A, + tA and L(A4,) = tr(Q,%,) for any |t| < €

and |Al|» < 1 where ¥, solves the following Lyapunov equation
Y — AN AT =02 Tand Xy — A AT = 021 (2.59)

Note that, p(A4;) < 1 for any |{| < ¢ and therefore both equations in (2.59)
have unique solutions for any [t| < e. The Jacobian VL(A,) € M, satisfies
VL(A,) ¢ A = %L(At)}tzo — tr(Q,Y,) for any |Al|p < 1 where Y, is the

derivative of Y, and satisfies the following Lyapunov equation

S, — A AT = AS AT + A5 AT and By — A AL = AS AT + A S AT
(2.60)

Similarly, both equations in (2.60) have unique solutions for any [¢| < ¢ and
therefore VL(A,) exists for any A.. To find the Jacobian, we have that 20 =
S0 Al (ASAT + A5,AT) (A7) and

k=0

= 2tr (Z(AI)kQ*A’jACEOAT) =2 (AD'QALA S, e A
k=0 k=0
(2.62)

Therefore, VL(A,) = 2 ZZOZO(AZ)kQ*AfACEO. In particular, in the case of A,
we have that ZZO:O(A;*)/LC Q*Ai* = P,, the solution to the Riccati equation, and
thus VL(A, ) = 2P, A, ... Repeating the same process, one can see that L(A,) is
infinitely differentiable and thus we conclude L is a smooth function.

Denote by B, = {A € M, |||[A— A.|lr <€} C Mgy, the ball of radius € > 0

around A, € Mg,,,. Consider the function L restricted to the domain B,. Since
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B, is a convex set, we can apply Taylor’s theorem to L around A, in this domain to

obtain
1
L(A.+€eA)=L(A.) + VL(A,) e eA + §EA o Hy 1on(€l) (2.63)

for |Al|r < 1 and for some s € [0,¢]. Here, H,_ : M, — I, is the Hessian
operator evaluated at a point A, € M, and satisfies the following relationship

d2
Aoy (A) = 5 LA +14) (2.64)

t=0

for any ||Al|r < 1. Finally, there exists a constant 7 > 0, such that for any G € M,,,
we have that |G @ H, | A (G)] < 7||G||F forany s € [0, €] and || Al| < 1 by Taylor’s

theorem . [ |

Proof of Lemma 2.5.5
In this section, we will assume that Assumptions [2.2.1] & [2.2.2]hold. First, we need
to show the boundedness of the stacked state and control input vector, z,.

Lemma 2.D.3. Define the terms

Zp = (1+ k) (n+d)"" + ko, \/4dlog(dT,, /9) (2.65)
Z} = (1 + &) (1224 26V2)y 0y / 20 log(n(T —T,,)/6) (2.66)

Then, the following holds w.p. at least 1 — 49,

Z}w, fort <'T,

lall <977
Zr, forT,<t<T

(2.67)

Proof. From Lemma [2.4.3] we know that ||z,|| < ¢(n + d)"™ with ¢ > 0 a
constant for t < T, and ||z|| < (126%+2kv/2)y ' 0,,1/2nlog(n(t—T,,)/9) for all

T. < s < T w.p. atleast 1 — 46. Furthermore, under the event of £, we have
that ||u,|| < k||lx|| + [|v]| < K||lxe|| + KoWwy/4dlog(dT,,/d) for all 0 < t < T,,.

I”

Observing that ||z,|| = +/||@]|* + ||l < ||z]| + ||we]|, one can reach the desired
result by substituting the appropriate bounds on ||x|| and ||u,|| and considering the

maximal case achieved whent = T'. |

The following lemma will be used to bound V.
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Lemma 2.D.4. Let V, = ul + ZZ;B 2,21 On the event of Er = ENEN E, we

have
2
W+ tZ/Tw, fort <T,
)\max(v;f) S /2 ”2 (2'68)
w4125 +t—"T)Zr", forT, <t<T
2
+ 12w, or 200(n +d)log 2 <t < T,
and Ap(V) =31 TTD for200(n +d)log 5 <t < (2.69)

2
pA+T,%, forT,<t<T

Proof. Recall that on the event £, the RLS estimates, TS sampled systems are
concentrated and the state is bounded, i.e., Lemma[2.4.3] Conditioned on this event,
we will start with bounding A, (V). For any time 0 < ¢ < T, triangle inequality
gives Apax (Vi) = i + 32020 2,21l < 4 32120 ||2,]1. Using the bounds on
| 2;|| given in Lemma [2.D.3} we can write A\, (V;) < pu + tZ’?pw fort < T, and
Amax(Vy) <+ TTZ'%U + (t— TT)Z¥2 for T,, < t < T. For the lower bound, note
that we have that E[z, 2], | F] = %I . Using Lemma [2.G.5} on the event £, we
have that V, = pl + t%] for 200(n2—|— d)log 2 <t <T,. Since Vi, =V, + 22],

we have that V; = Vi = pul +T,,%¢1 for T, <t <T. |

1/2
Finally, we will use the following lemma to bound 5,(0) = o,, \/ 2nlog (%) +
et(n
VS
Lemma 2.D.5. On the event of Er, we have the following upper bound on (0):

T.Z"% +(T —T,) 7"
1, + ( )Z7 o8

J

Br(8) < 402 nlog (l) + 202 n(n + d) log (1 + T

(2.70)

Proof. Following a similar approach pursued in Lemma 10 of [2], we can bound the

log-determinant of V, as

., det(Vr) 1,25 + (T - T,) 74
gdet(,u]) (n+d)p

by Lemma This leads to the following upper bound on /3,(9)

< (n+d)log <1+

2

72

T,2'% + (T —T,)Z4
(n+d)u

Br(0)* < | 04y | 2nlog (%) +n(n +d)log <1 +

) + i

1 T.2"2 + (T — T,) 747
< do2nlog <5> + 2012Un(n + d) log (1 + 7, * ( )Z1 4282,

(n+d)p
n
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Proof of Lemma We will first show the desired bounds on M, (F;) and
Amax (F3). Recall that the event - holds with probability at least 1 —44. Noting that

HTH, = I+K]K,,itisclearthat F, 3= Bf A\ (Vi ) HIH, = (Vt sy [ Thus, from
Lemma2.D.4} for T, <t < T, we have that \;;,, ; > Er Z b/ T -
Anax(Ve) = pi1.2'5 T, H(t=T,) 27
On the other hand, F, < [ AoV, VHIH, < B/\ (1?’2 )], Again using Lemma
2.D4 for T, < t < T, we have that A, , < (H”(‘)/% < (+s” )Bt. Since
11’111'! /,L+Tw 40

t — B, 1s increasing, t + Amax: 18 increasing as well. The condition number

2
Ao u+T,. 7' T H(-T)Z7" . . .
Ky = Rt L >— is increasing for 7, <t < T

)‘min -
! (1) (u+ T 54

IfT, = O(VT "), then we have that A, (Vy) < O(poly(n, d, 1og(1/8))T log T)
and [(0) < O(poly(n,d,log(1/0))logT). Thus, there are positive constants
C = poly(n,d,log(1/5)) and ¢ = poly(n,d,log(1/5)) such that Ay < CSEL

UJ

and k;, = Am‘”‘iT < chOgT for T,, < t < T for large enough 7'. Choosing the larger
between C' and ¢ ylelds the desired result. |
Proof of Theorem 2.5.1]

Defining by p* = P {(:)t e S™ | 7", Et} the optimistic probability, and by

P.{-} = P{-| 7"} conditional probability measure, we can write

PPt > P {ét €S| t‘“,E}} 2.71)
~-P {L(égﬂ*) < L(OTH,) | f;m, Et} (2.72)
> min P{L(O"H. + '8V, *H.) < L(OTH,)} (2.73)
BHeghs
— min P,{L(OTH, +Z\/F,) < L(OIH,)} (2.74)
oeef™s

where (2.71)) is by Lemma [2.5.2] (2.73)) is a worst-case estimation bound within
1

high-probability confidence region, and (2.74)) is because 1" 5,V, 2 H, and =\/F,

have the same distributions with 7 € R(”+d and = € R™™" being i.i.d. standard

normal random matrices.

The bound in can be further lower bounded by minimizing over a larger
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confidence set as

> min P{L(O7H, + Z\/F,) < L(A.,)} (2.75)
begd ’
=, i P{L(4..+ E+TVE) < LA} (2.76)

where (2.75)) is by Lemma (2.5.3)) and (2.76) is because H, is full column rank and
therefore we can minimize over closed-loop matrices instead of open-loop system

parameters.

Denoting by G, = (Z + T)\/Ft the perturbation due to estimation and sampling,
Lemma [2.5.4] suggests that there exists constants €, > 0 and r, > 0 such that

1
L(Ac,* + Gt) - L(AC,*) + VL* L] Gt + iGt ® ,HAC,*+SGt (Gt) (277)
< L(A.) + VL, 0 G+ S (G 2.78)

whenever ||G,||r < €,. Substituting into leads to the following lower
bound

pP > min P{L(A..+G,) < L(A..)} (2.79)
T:|T|F<1
—* 2 <

Z Hlln IPt L(AC,*> + VL* b Gt + ||F — L(AQ*)’ (2.80)

T T p<1 and ||Gy||p <,
Tx Y <

~ min P, 2IE T DOVEIF+ VL e G+ TVE <0, | o0

T |1 p<1 and ||[(2+ T)VEFr <e,

NOting that ||( +T \/EHF =/ maxt||‘—‘+T||F where /\maxt = >‘maX<Ft)’ weE
can further relax the lower bound (2.81)) as

A Ty || — S~ (12 — &

tmaxl |24+ T VL F, =4+ 7) <0,
R{ 2+ 11+ (VL) e E+ 1) < }(2.82)

t .
p¥ >  min

T Pt and vanE+ﬁb<e
crogti] <fs]
— mln ]Pt de t I de t I (2.83)
T: —_
tle< and |2+ T|% < -

where (2.83)) is obtained by completion of squares. Let &/ : IM,, — M, be an
orthogonal transformation such that i/ (T + VL \/_) T4 Vv E
F

max tT T +

max tTx

where F;; € M,, has 1 in its (1, 1) entry and zeros elsewhere. Since Frobenius
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norm and the probability density of = are invariant under orthogonal transformations,
(2.83) can be rewritten as

4
VL.A/F, VL. \/_
p?pt Z A mln ]Pt < ( de T max T F (2.84)
T p<t \ and  [[UE+T) HF -
) 2
R VL, \/_
— : ]P T _I_ max 7 t Ell S )\max T ’ 2 85
_T.ﬁlnnq t A ZF ) ja (2.85)
: FS = =
( 2
_ VL.\/F
Sn+ T+ 25| ) Fiaa s e
v G ) s <R
T Tl p<t .
\ and H‘—‘ + Z/{( )”F )\max,t
(2.86)

Notice that the probability in lb is described by the intersection of two balls
IVLA/Fillr

maxt *

whose centers are far apart by and hence the intersection has a fixed
shape. Choosing T along the direction of |V L,+/F}||  moves the center of the first
ball furthest possible from the origin which leads to the intersection of the balls
to move furthest away from the origin as well. Therefore, the probability in (2.86)

VL\/_

attains its minimum at T# =L VLRl and (2.806) can be equivalently expressed
F
by

(
1VLA/Fille IVL./File

p?pt Z ]Pt (i_‘]' + 1 + Amax tTx > —I— ZZJ#I 1 _‘l] - )‘max tr* ’ (287)

\ and |+ Eyllk < 5%
2
(oot ) o<
— ]Pt max t max,t 7 % (288)

\ and (£41)° +X < 5 pY—

where £ ~ N(0,1) and X ~ Xfﬁq are independent normal and chi-squared random

the radii of

variables, respectively. Denoting by a, := VL Fille and b, =

)‘max tTx

6*
vV )‘max,t
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the balls, we can rewrite (2.88) as

PP >P{(E+1+a) +X <qf, and (£+ 1)+ X < b/} (2.89)

b { €4+ 1+a] < Va— X, and |+ 1] < VB — X, }
- t

and X < min(ay, ;)

min(aibf)
:/ ]Pt{|§+1—|—at| < \/a? —x,and | + 1] < \/b? —x}fnzl(x)dx
0

/min(ag’bg)P l4a,—Va —x<E<1+a,+Va; —z, fo (2)d
— 2 xI)ax
0 ! and 1 — /b2 — 12 < £<1+/b — 2, n-l

where f,.(z) = <2§I‘(§)> - 22773 is the probability density function of the
chi-squared distribution with £ € N degrees of freedom. is derived from
law of total probability. Notice that the probability inside the integral in (2.92)) is
determined by the intersection of two intervals. This probability will have a non-zero
value only for a fixed interval of x depending on the relation between a, and b,. We

will investigate three cases:

i.0 < b, < v/2a, : There is a non-empty intersection if and only if 0 < z <
2

b; ( - 4”—3) and the integral (2.92) becomes
at

2

2 b2
opt b (17E) 2 2
P 2 P,ql+a—\a —2<E{S1+H\by—xp fo (v)de
0

(2.93)
B oo ) 0o )

0
(2.94)

where () is the Gaussian Q)-function. Notice that for fixed values of b,, (2.94) is

monotonically increasing with respect to a; and vice versa.
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ii. v2a, < b, < 2a, : There is a non-empty intersection if and only if
0 < z < a; and the integral (2.92) becomes

p?ptz/oa?]Pt{1+at_ [ 2 ce<14 /R }f2 [(z)dz  (2.95)
:/ (10t —o) - @ (14 i =) o wae @99
0

Notice that for fixed values of b;, (2.96)) is monotonically increasing with respect to

a, and vice versa.

iii. 2a; < b, : There is a non-empty intersection if and only if 0 < = < a7 and
the integral (2.92)) becomes

2
g
p?‘“z/ Pt{1+at—\/a?—x§£§1+at+ a?—:c}fnz_l(:c)dx
0

(2.97)
= /Oat [Q (1 +a; —\/al — x) -Q (1 +a, +1\/a; — x)} [2  (x)dx
(2.98)

Notice that for fixed values of b,, (2.98)) is monotonically increasing with respect to

a, and vice versa.

As seen from all three case, the integral in (2.92) is monotonically increasing

with respect to both a,, and b, regardless of their relative relation. Therefore, we will

consider tight lower bounds of a, = IVL/Filr so that the relation b, > 2a, holds

)‘max thx

for large enough ¢ > 0. Noting that VL, = 2P, A, %, by Lemma[2.5.4and P, > 0,

>, > 0, we will consider two cases.

1. Singular A_, : In this case, the Jacobian matrix VL, becomes singular as
VLBl o = |VLlr _

well. Then, we can bound a, from below as a, = —; 2 min,t )
max,t

max, tTx

’\ml“ clr VLle Fyrthermore, choosing T, = O((v/T)"**™"), we can use upper

mnx t \/)‘mdx t
max t 1 Tw ”VL* || —
bounds for 7= pw— and A, ; from Lemma|2.5.5|to write down, a, > TreaT C—TF =
a;r and b, > kin 76 = =: by p for all T, < ¢ < T under the event Ep for large

enough 7. Therefore, replacing a, and b, with a; 7 and b; 1 in (2.92)) gives a lower

. )
bound to (2.92). Noting that the ratio 7 = i IT*VT z‘/”z can be made to be
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greater than or equal to 2 by an appropriate choice of T, leading to the case (i)

bound

2
ay,r
P> / {Q <1 +arr —\/alr — 1’) -Q <1 tair £y alr — x)} foz oy (@)de
0

(2.99)

for all 7, < t < T for large enough 7.

2. Nonsingular A_, : In this case, the Jacobian matrix V L, becomes nonsingular

||VL IVL/Flle o VRS >

Z Ymin,x)

as well. Then, we can bound a, from below as a, =

T‘:}"ﬁ Choosing T, = O((\/_ )HO(I)), we can use the upper bound for A, ;

. Tw min(amin,*:e*r*/2) .
from Lemma [2.5.5|to write the lower bound, a, > e T o = ayp

and b, > 10g o Ef =: by pforall T, < t < T under the event E for large enough 7.
Therefore, replacing a, and b, with ay  and b, 7 in (2.92)) gives a lower bound to (2.92)
for T, <t < T. Noting that the ratio 2= ﬁz T = &N j = max (ﬂ, 2> > 2,

mln(omin,*z E*T*/2 min,*

max T max, tTx

we can use the case (i7i) bound

2
as T
P> / {Q <1 +ag — ag,T — 1’) -Q <1 +agr + 4/ G%T - x)} [z (z)dx
0

(2.100)

for all T, < t < T for large enough 7.

In both cases, our focus will be on the following probability with a parameters
a>0,and k € N

2

pk(a)::/ [Q(l—l—a—\/a —2)—Q(1+a+Vad* —x}fk )dz (2.101)
0

The following lemma summarizes some of the important properties of the function
a > pi(a).

Lemma 2.D.6. The non-negative real valued function a — pk(a is monotonically

)
increasing with respect to a > 0. Furthermore, we have that k( ) < Q( ) <1 + 1/2>
for a > ck for problem independent constants ¢, C' > 0.

Proof. Notice that for a fixed value of 0 < z < a2, the functions @ — 1+a—va*> — x
and a — 1 + a + vV a* — x are monotonically decreasing and monotonically in-

creasing, respectively. As ()-function is monotonically decreasing, the function
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a— Q1 +a—-+Va —2z)—Q(1+a+ +Va®— ) is monotonically increasing

for fixed 0 < x < a’. Therefore, the function a — p,(a) is also monotonically

increasing.

In order to obtain the desired asymptotic bound, let € € (0, 1) and we can write

2

pk(a):/oa [Q(l—l—a—\/a —2)—Q(1+a+Va —x]fk
Z/O€QQ[Q(1+a—\/a —2)—Q(1+a+Vad —x]fk
Z/OWQ min [Q(1+a—\/a2—x/)—Q(1—|—a+ va2—$/)} Jr(z)dx

~ [Qa —;azl —V1=€) = Q1 +a(l+V1—¢))] F(ea®)

where Fi(z) =1 — F(llfﬁ’/ZQ) is the cumulative distribution function of chi- square

distribution and (s, z) ~— ['(s,z) = [t e 'dtand s > T'(s) = ["t" e
are upper incomplete Gamma and ordinary Gamma functions respectlvely. Notice

that the functions (s, x) +— ['(s,z) and = — @Q(z) are monotonically decreasing
with increasing * > (. Therefore, for large enough ea’® > 1 and large enough
a > 1, we can claim that D(¥/2, «@’/2) < 1 and Q(1 + a) < 1 are small enough.
Furthermore, for small enough ¢ < 1, we can use Taylor expansion to see that
1-V1-e=530, ;—i(% —1)! < ¢¢e for a problem independent constant ¢; > 0.
Then, for small enough ¢ < 1, we have that

pr(a) > [QL+a(l = VT —6) = Q1 + a(l + V1 — €))] (1 _ D(k/2, ca /2>)

T(k/2)
I'(k/2, ea2/2)>
I'(k/2)

Furthermore, for small enough ea < 1, we have that Q(1 + c,ea) > Q(1) — cyea by

> Q01 + crea) — Q(1 + a)] (1 -

Taylor’s theorem where ¢, is a problem independent constant. Using these bounds,
we can bound the inverse of p;,(a) from above for small enough € < 1, small enough

ea < 1, large enough a > 1 and large enough ea” > 1 as

1 1 1
<
= Q1) — —Q(1 D(k/2,ea®/2)
P(@ = Q) —eaea— QU +a) | _ 1zl
1 1
Q) (1 — eyea — Q(1 +a)) (1 - W)

1 e " I'(k/2, ea®/2)
< o0 {1+20(2 +QU+ )+ HHE )} (2.102)
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where we used the Taylor expansion ﬁ => s 2" <1+ Cu for small enough

x < 1 with C' > 0 being a problem independent constant.

The assumption ea” > 1 can be used to write the asymptotic expansion of incom-
2
plete Gamma function I'(k/2, ea®/2) = (ea®/2)¥/* e /2 [1+0 ((ea®/2)7")].

_(+a)

Noting that the Q function is always bounded as Q(1 + a) < \e/TTera)’ we claim

that choosing ¢ = 21%/2, for & > ¢’k with a constant ¢’ > 0 guarantees that
ea

ca — %a—lﬂ < 1and ea® = %al_m >> 1. Therefore, the upper bound (2.102) is

valid for o > ¢"k. Furthermore, the term ea decays slower than both Q(1 + a) and
T(k/2,ea’/2)

and thus ea dominates as

T'(k/2)
—— < —— |14+ —a
prla) = Q1) ( 2e
for a problem independent constant C' > 0. |

Based on Lemmal[2.D.6] the integrals in (2.99) and (2.100) are asymptotically constant
if both a;  and a, ;- are asymptotically large enough. This can be achieved if a; p =

. min(o in s, €4T%/2
—\/TTl’ng—”Vé:*”F = w(1) for singular A, , and ay 1 = 1/1<>Tng ( W 2 _ w(1)
for non-singular A, . In other words, choosing T;, = an(\/T log T') for singular

A and T, = an(log T') for non-singular A, , yields the desired bound

opt Q(l)
PEZ o)

for T, < t < T for large enough 7". Combined with the upper T, = O((v/T)" W),

the proposed choices of 7, satisfy the asymptotic conditions.

2.E Regret Decomposition

Denote the optimal expected average cost of an LQR system © with process noise
covariance W by J, (0, W) = tr(P(©)W). Note that during the initial exploration
period, we have that u, = u, + v, for t < T, and after the initial exploration, we
have that u, = u, for ¢ > T,, where we denote by %, == K ((:)t)xt the optimal control
action assuming the system ©,. Since initial exploration period injects independent
random perturbations through the optimal control input, %, for sampled system, e,
the state dynamics can be reformulated in order to take the external perturbations

into account by adding it to the process noise:

xt+1 == A*ZL’t + B*at + Ct? (2.103)
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where 4, = K(0,)x,, {, = B,v, + w, fort < T, and (, = w, for t > T,,. We can

write the regret explicitly as
4 €X NOEX]
By = tho {27 Qz; + u]Ru, — J.(©,,001)} = R + Ry, (2.104)
where

T,
R}P = Zt_ (2a] Rv, + v Ry,), & Ry7P = Z {2]Qx, + u Ru, — J.(©.,, aful)}

w

Since I/, C E, for any 0 < s < ¢, we have that
RY™ 1y, = Z {2]Qu,+u] Ru, — J.(0,,001)} 1,

< Z {2]Qx, + @] R, — J.(O,,001)} 11, (2.105)
o T, T,
RTJJ’ 1g, = tho (2u{ Rvy + v/ Ryy) 1, < tho (2u{ Rvy + v Ryy) 1, .
(2.106)
From Bellman optimality equations [[19]], we obtain
J* (étv COV[Q]) + x;frp(ét)xt
= muin {x;‘rth +u'Ru+E | (Az, + B+ )" P(O,) (A, + Bu + () | ‘Ft} } ;
= 2{Qv, + uf Ru, + IE _(Aﬂt + By, + ) P(0,) (A, + By, + ¢,) ‘ Ft] ;

= 2Qu, + u R, + E | (A, + Byi) P(O) (A, + Byi) | F| + B |(TP(©,)G | F)

= 2]Qu, + ] Rty + B | (Az, + B,i,)TP(6,) (A, + Biity) | ft}
+ B 2], P61, | ]—"t] _E [(A*xt + B,it,)TP(0,)(A.x, + Ba) | ;ft} ,
= 2]Qu, + @ R, + E :g;;lp(ét)xtﬂ | ]—7}
4 (A, + Bai) PO, (A, + Buiy) — (A, + B P(O,)(Avz, + B.ay),

= 2]Qx, + U] Ru, + E :xgﬂp(ét)xm | ]—}} +2]0,P(6,)0]z, — 710,P(6,)0!%,

where z] = [z],u]]. Rearranging the terms and subtracting the optimal expected

average cost of the true system, we obtain the following for each term in (2.105]),
{2]Qz, + u] Ru, — J.(O,,051)} 1p,
= {.(8,, Covlc)) = (0., D) | 1, + {510, P(0,)01z — 510,P(6,)0] % } 1,

+ mIP(ét)ZEt Ip —E [xgﬂp(ét)fftﬂ Lg, ‘J:f} :
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Note that, 1, 1, , = 1p,,, since E;; C E;. Since P((:)t) > 0, we obtain
E 17tT+1P(ét)$t+l ]]'Et ‘]:t]
=B [t PO)ri s, (e, +1s,) | 7.
=E :xtTHP(C:)t)xtH Ig,,, ‘-7'}} +IE |:xl+1p(ét)xt+1 Ig, L, |ft] ’
> B[], POt 1s,,, | 7],
=B [o], (P(O) = P(Ors)) weia Ty | F| + B |21 POa)zin T, | F].

Therefore,

{(a1Qu, + u] Rit, — J,(0,,021)} 15, < {J (6,,Cov[¢]) — J.(O,,0% 1)} 1,
+{2@
¥ {x; P(6)z, 1y —E [a;;lp(ém)xm i, | ]-"t] } ,

+E [erl <P(ét+1) - P(ét)> Tepr Lp, ‘}7}
(2.107)

P(©,)61% — 5/6,P(0,)6] 2 } 1,

Notice that Cov[(;] = 02B,BI + 021 fort < T,, and Cov|[(,] = 021 fort > T,, and
therefore

oo Tr(P(6,)B.BY) 4 o2, Tr(P(6,)) t<T,

o2 Tr(P(6,)) t>1T,
(2.108)

Summing the terms in upto time T and adding the R7" term, we obtain

J*((:)t, Cov[G]) = TT(P(ét) Cov[G]) =

Rplp, = R 15 +RY™ 15 < RY™ + RY™ + R + RY™ + RY™ + RE®

(2.109)
where
Tw —
RyM =) " (2a[Rv,+v[Ry) 1g, (2.110)
T, -
R%f’z = Zt_ o, Tr(P(©,) B.BI) 15, (2.111)
{ (@,,021) — J, (@*,afvz)} 1g, 2.112)
RRLS _ { )07z, — 1 étP(ét)égzt} 1, (2.113)
Rt _ {g; P(©)a, 1y, — [xgﬂp(ém)xm iy, yft} } (2.114)

R%fp = Zj = [%H (P(®t+1) P(ét)> Lit1 ]lEm |]:t] ) (2.115)
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In the next section, we will give upper bounds to each term.

2.F Regret Analysis

In this section, we bound each term in regret decomposition individually. In
particular, 7" is studied in Appendix RR™ is studied in Appendix R
in Appendix R}® in Appendix and RS in Appendix Finally, in
Appendix we combine these results to obtain the regret upper bound of TSAC as
stated in Theorem 2.4.11

Bounding 7' and R7P
The following gives an upper bound on the regret attained due to isotropic perturba-

tions in the TS with improved exploration phase of TSAC.

Lemma 2.F.1 (Direct Effect of Improved Exploration on Regret). The following
holds with probability at least 1 — 6,

T,

. . 4dT, [ 4

RTS’I = Z {24 Rv, + v[ Ry} 15, < do,/Bs+d|R||o, <Tw + VT, log 5 log g)
=0

where

4d 1/2
By =8 (1+ T | RI(n + 4" ) log (F (1+ TR IBIP(n 4+ )*+) ) .

2 _ 2 2
Furthermore, we have Ry"* < 0, D || B, |5 T,

Proof. First we will study R

w

. Let ¢/ = a{R1p,. The first term can be written as

T, d T,

d
2 Z Z GV = 2 Z Z Gt iV

t=0 i=1 i=1 t=0

Let M, ; = ZZ:O qkiVk,;- By Theorem on some event G5, that holds with
probability at least 1 — 6/(2d), for any ¢ > 0,

¢ ¢ 1/2
2d
ME <200 [ 1+ g Jlog | = [ 1+ ais
ti > ( 2 qr, g 5 2 qk,

Note that |||l = [|Ra@|| 1s, < sl|R||(n +d)"*, thus g,; < || R||(n + d)"*.
Using union bound we get, for probability at least 1 — g,
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Tw
> 2w]Ru 1, <

t=0

4d 1/2
d\/80§ (1 + T, 82| R (n + d)2<"+d>) log (T (1 + T, 82| R (n + )2+ ) )
(2.116)

Let W = 0,4/2dlog 4d5Tw. Define ¥, = v/ Ry, — E [v] Ry,|F,_,| and its truncated

version ¥, = \I]t]I{\I/t§2DW2}'

T,
v / 4
P (ant > 2||R||[W?y /2T, log 5) <

t=1
T,
LA / 4

2 2
P (12%2% W, > 2||R||W ) +P (Z W, > 2||R||[W?y /2T, log 5)

t=1

Using Lemma [2.G.4] with union bound and Theorem [2.G.2] summation of terms on
the right hand side is bounded by /2. Thus, with probability at least 1 — §/2,

T,
& 4
> V] Ry, < dT,o|Rl| + 2||R|W?y/ 2T, log 5 (2.117)

t=0

Combining (2.116) and (2.117) gives the statement of lemma for the regret of external

exp,2

exploration noise. Next, we consider R;"". Due to rejection sampling R 5(-), a new

model sample is redrawn until it lies on the setS at every TS step, i.e., O, € Sfor every
-1 2

time step ¢ > 0. By Assumption [2.2.1, we have ||P(6,)||r < D = ay 'x*(1 + 7).

Thus, we have

Ry = Za Tr(P(6,)B,B]) 1,

< z:aulllD el Bl 1,

Tw
<o.D|B,|+ Y 1p < 0iD||B.|3T,. (2.118)

t=0
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Bounding R}"

Bounding this term is achieved by manipulating the similar bounds in Abbasi-Yadkori
and Szepesvdri [2] and Abeille and Lazaric [3] to our setting and TS algorithm. We

first have the following result from regularized least squares estimate.

Lemma 2.F.2. On the event of E, for X, = % \/2n log(n(T —T,)/9),

we have,
- 1+ £7)(n+d) det(Vr, )
> ©. — 80l <2(61(6) + ur(0) ( ( + . ) 5 Jet(ul)
2\ 2\ Totl
v det(VTT)

Proof. Let 7 < t be the last time step before ¢, when the policy was updated. Using
Cauchy-Schwarz inequality, we have:

1 det( 7)
ZII(@ —6,)" " <ZII V2 (0,=0.)Pllz1]l5, -+ < den(V )IIV (©:=0.) " 2]l3,-
t=0
(2.119)
Note that t — 7 < 7 due to policy update rule. Moreover, we have
it [EAl&
det(V;) = det(Vy) [T+ [[z]1},1) < det(V;) (1+ ' )
i
=0
Combining this with (2.119), on the event of Er, for t < T,., we have:
T, 2(n+d) \ T
(1+£*)(n+d) ~
Y16 =6 < Z V220, = 0.)[P |27,
=0 K
(2.120)
T, 2 2(n+d) \ 70
14+ k%) (n+d
<y (1 ,Lre)ntd) ) (Br(8) + vz ()|l
=0 K
(2.121)

det ( VTr )

2(1 + k%)(n + d)2+ <1+(1+m)(n+d

j2tna :
; ) (B2(8) + vr(6))* log (

(2.122)

where in (2.121)) we used the fact that on the event of £, using triangle inequality, we
have |0, 6. [lv, < [0, =O[lv, +[10,=6O.]lv, < v-(8)+8,(6) < vr(6)+5r(5)

det(ul)

)
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and in (2.122) we used used the upper bound of ||thth1 to utilize Lemma 10 of
Abbasi-Yadkori and Szepesvari [2]. Similarly, on the even of E,, fort > T, we get:

a ~ 2(1 4 k%) X7 (1+&)X2\7 det (V)
o T 2 S s 2 T
3 .- by < X (1 2 ) )+ vt o (515 )
|
Lemma 2.F.3 (Bounding R5"® for TSAC). Let RY be as defined by 2.113). Under
the event of Er, setting n = (1 + ﬁQ)X 2 we have
’RI%LS‘ —0 <(n+d)(‘ro+2)(n+d)+l.5\/ﬁ\/i_’_ (n+d)n /—T—TT>.
Proof.
T
|[RES| < Z“)P(ét)iézzt ~|P@nier=| (2.123)
I » - s . 2| & - s - 2
=Y l|P@nters|| - |P@nters| |+ 3 |[P@nier| - | r@nier
t=0 t=T,
T, o ~ QLTT L o 9
<(3 (Jr@otera|- |r@ster]) ) (X (([re0ter] + [reoters]))
t=0 t=0
T LT
+(Z(Hp(ét)%é;zt —HP(ét)z@lzt )2) Z(Z(Hp(ét)éézzt +Hp(ét)%@1zt )2>
t=T, t=T,.

T

=0
2 i 2\’
(Z (| P©0t6ra + |P@ni6r])
(2.125)

where (2.123) and (2.123)) follow from triangle inequality, and (2.124]) follows from
Cauchy Schwarz inequality. Note that for ¢ < T}, we have ||z < (1 + &%)(n +
d)*™ ™ and for t > T, we have ||z,||* < (1 + x*)X2. Moreover, since © belongs to

NI

(SIS
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S by construction of the rejection sampling, we get

RLS| << < *)
F(p3 (o0

9 2
) \/4TTD(1 + k)82 (n + d)>"

9 2
\/4(T —T,)D(1 + £*)S*X?

_ BTLDS (1412 (n+d)>™ ) (B(8) 4+ v7(5)) <1+(1+/{2)(n+d) (n-+d) ) \/log(

N "

det(Vr)

\/ (T—T,)DS1+ £*) X2 (Br(6) + vr(6)) (1+(1+52)X§>;;/10g(det(VT)
o

VI det(Vr,)
(2.126)
From Lemma 10 of Abbasi-Yadkori and Szepesvdri [2], we have that log(?;( (‘; TI)))

)

2 2(n+d) 5 2(ntd)
(n+d) log(1+ =)0t . ) and log( det(VT)) < (n-d) log (14 Zeitr)nbd " O (01,) X

p(n+d) ) p(n+d)

After inserting these quantities into (2.126)), we have the dimension dependency
of (n+ d)*™ % x \/n(n+d) x (n+ d)" ™ x (n + d) on the first term where
\/m is due to S7(9) + vy (d). For the second term, for large enough 7', we
have the dimension dependency of n x \/m x n(™/% % \/n+ d, where n
comes from X >. Thus, we achieve the following bound for |RRLS :

’RRLS 0 <(n+d)(‘r0+2)(n+d)+l.5\/ﬁ T + (n + d)n'5+/ /—T—T,,).

With the choice of y = (1 + x?) X2, the dependency of n(™/? on the second term
can be converted to a scalar multiplier of V2" and reduces the dependency of X? to

X, which gives the advertised bound. |

Bounding R}

Notice that this term is very similar to corresponding term in Abbasi-Yadkori and
Szepesviri [2] and Abeille and Lazaric [4], besides the difference of early improved
exploration. Following the same analysis, while including the effect of improved
exploration gives the upper bound on R7*". A similar analysis is also conducted in

Lale, Azizzadenesheli, Hassibi, ef al. [140], yet we provide it for completeness.

Lemma 2.F.4 (Bounding R7™ ). Let R} be as defined by Z114). Under the event

i)

det(ul)

2).
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of Er, with probability at least 1 — 0, for t > T,, we have
Rf™ < koy(n+d)" (o, + [|B.]|o, )ny/T, log((n + d)T,./6)

N koo (1267 + 267/2) o2ny/n/T — T, log(n(T —T,,)/6)

Y
+ ks,Sno-?u V T — Tw 1Og(nT/5) + ks,4n<0"w + HB*HUV)2 V Tw 10g(nT/5)7

Jfor some problem dependent coefficients kg 1, ks 5, kg 3, ks 4.

Proof. Let f, = A,z, + B,u,. One can decompose R} as

T
Ry = 2l P(@o)zy — wy P(Or 1 )or iy + Y ol P(8,)w, — E [o] P(O,)a,| F ]

t=1

Since P ((:)0) is positive semidefinite and z, = 0, the first two terms are bounded
above by zero. Recall that (, = B,v, + w, fort <T,,, and (;, = w, fort > T,,. The
second term is decomposed as follows

T

Z xIP((:)t)xt —-E [wgp(ét)xt’ft—Z}
t=1

T T
= > PO+ Y (GLPO)G 1 —E [ PO |Fis))
t=1 t=1

Let Byt = S ST PO)Go1 Rip = Sy ((TLPO)Go — B [ PO)G|Fia) ).

and v]_, = fI,P(6,). Then one can write R, ;. Let can be written as

T n n T
R1,1:§ E Utfl,ithl,iZE E 'Utfl,ithl,i-

t=1 =1 i=1 t=1

Let M, ; = 22:1 U—1,;Ck—1,- By Theorem on some event G5 ; that holds with
probability at least 1 — §/(2n), for any ¢ > 0,

T T 1/2
T 2n T
M¢; < 2(05, + || B.|*0) (1 + Z Vi1, | log 5 <1 + ZUI%m)
k=1 k=1
1/2

t t
2
+202 |1+ E v,%,u log Rl N + g vi,u fort > T,.
k=T, +1 k=T, +1

Notice that TSAC stops additional isotropic perturbation after ¢ = 7., and the

state starts decaying until ¢ = 7,. For simplicity of presentation we treat the



67

time between 7, and 7, as TS with improved exploration while sacrificing the
tightness of the result. On Er, |jvg|| < DS(n + d)"**/1+ «* for k < T, and

log| < (2 2VADSTN I oy Tog (i — T,,)/3) for k > Tp. Thus, vy <

DS(n + d)"""/1 + x* and vy,; < (12”2+2“ﬁ)$5% Vitr” V2nlog(n(t —T,)/d)

respectively for £ < T, and k£ > T, . Using union bound we get, for probability at

least 1 — g, fort > 1T,

Ry < n\/Q(aﬁ, + ||B,]I%07) (1 +T,D°S*(n + d)*" (1 + /{2)) x

\/IOg (%n (1 +T.D°S*(n + d)*" (1 + H2)>1/2)

20t — T (126 + 26v/2)°D*S%*ne? (1 + K2
+n,| 200 <1+ (=712 + “\C) 5w +“)1og(n(T—Tw)/5) X
7

o o

Let W,,, = (0, + ||B.]lo,,)1/2nlog L and W,enp = 044/ 2nlog 5. Define

v, =( P (@t)gt_l —E [thl (© t)(t_1|.7-}_2} and its truncated version U, =
‘1’1511{\1/t<21:)w2 } for ¢ <7, and ¥, = qjtﬂ{\thDWQ } for t > T,, . Notice that

R1,2 = Zthl \Ijt-

T, T
- / 4 4
P <§ W, > 2DW2,4/ 2T, log g) +P[ ) v, > 2DW30€W\/2(T -T,) log ~
t=1

t=T,+1

log <4n <1 4 2= T2 + 26V 2P DS oy (L4 K)oy ‘”) ) |

2
max W, >2DW,
T, +1<i<T t noexrp

T, T
u / 4 . 4
+ P (§ W, > 2DW?, /2T, log 5) + P § U, > 2DW,§OEW\/ 2(T —T,) log 5

t=1 t=T,,+1

<P ( max ¥, > 2DW3W) +P (
1<t<T,

By Lemma [2.G.4] with union bound and Theorem [2.G.2] summation of terms on
the right hand side is bounded by /2. Thus, with probability at least 1 — §/2, for
t>1T,,

AnT AnT
Ry, < 4nD03,\/2( -, )log(slog T—I—élnD(U +|B.||lo,)*/ 2T, logélog 7; :

Combining R, ; and R, , gives the statement. [ |
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Bounding R}>
Lemma 2.F.5 (Bounding R}> for TSAC). Let R be as defined by @.112). Under

the event of Er, we have that

IRE| <0 (\/ﬁTw + poly(n, d, log(1/6))\/T — Tw) .

with probability at least 1 — 20 if T,, = w(\/T log T) for singular A, and T,, =
w(log T') for non-singular A..,..

Proof. We decompose R} into two pieces as

T, T
A=Y {J*(ébggj]) _ J*(@*vafu])} Ig,+ > {J*@t,aﬁ,l) — J*(@*,oif)} 1p,
t=0 =Tw+l

-~ -

TS.exp o
R TS,noexp
Ty RT

Since every sampled system is in set S, we have that | P(6,)|| < D and therefore

T,

R%SU,CXP < Z |J*(ét, O’i[) - J*<®*7 0120[)| ]lEt
t=0
T,

<> (170020 + 1.0, 000)]) (2.127)
t=0

Tw
<Vt 3 (IIP@) s+ IP©.)]r) < 2Vn0%DT,  (2128)

=0
where we used the relation tr(P) < /n| P||r in (2.127). Considering the number

. . . TS .
of times a new TS sample is drawn, the second term in R, can be written as

K
R”}l‘g,noexp _ ZTO {J*(étk’ 0',[201) — J*(@*7 0'121;1)} ]lEtk
k=0

where ¢, =T, + 1+ k7y and K = {%W Denoting the information available

to the controller up to time ¢ > 0 via Fi™ := o (F,_1,2,), R " can be further
decomposed into two pieces as
K
R =N {J*(C:)tk, o21) — E [J*(étk, o21) | FN, Etk} } 1g,
k=0
& ~

+ i 0 {B |16, auD) | "B, | = 10,000 } 15,

k=0

J/

-

TS,2
RK
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We will investigate each term in order under the event of Fr.

TSl

Bounding R}."". Notice that { R}>"'} x5 is amartingale sequence with | R o' — R, | <

27502 \/nD. Therefore it can be bounded by Azuma’s inequality (Lemma 2.G.2

w.p. atleast 1 — 0 as

RIS < anD\/SnTgKlog(Q/é) < 0, D/8n7o(T = T,)log(2/5)  (2.129)

Bounding R}>*. Denoting by S := {@ e R J(0,001) < J.(O,,0,, f)}
the set of optimistic parameters and defining Rgs,z = { [J*(@tk,awl) ‘ b ,Etk} — J*(@*,aif)} ]lEtk

Notice that, for any © € S, we can write
S, N
R < {B |10y, 000 | B B, | = 1(0,00D | 1,
< 10,000 ~ B | 1Oy, 00D) | B By |15,

As the above bound holds for any © € S, we can replace the right hand side with
an expectation over the optimistic set S°™. Specifically, we choose an i.i.d. copy of
étk’ that is, we choose a random variable (:);k which has the same distribution as étk

and independent from it. Then, we have that
B2 S E[|0.(8},,000) = B |18y 00l) | B B | 1, | B By 6, € 87
E |18, 000) = B [ 1Oy, 0uD) | F By | 116, ey csm | Fil' By
(@ e S™|F ,Etk)

Denoting by pi™ = P (C:)Q e ST A, Et> the probability of drawing cost opti-

.. . TS,2
mistic TS samples, we can write further bounds on R, 52 as

Rfsagpom [’J( tkaUQI) [J (@t »Ow I } tc:t’ tk}" b ’Etk}
t

2
O

N pOpt [|Tr( (é;k) -k [P(étk) ‘ b ’EtkD| ‘ b ’Et’“]

ty

< o -5 [r |5

2%

)2} t;‘,Etk} (2.130)

where we used the relation |tr(A)| < nl||A||,. Denoting P, := E [P(étk) | F2, Etk] ,
the following definition will be used in the rest of the section to understand the
behavior of Rfs 2

A= E[IP©,) - Filla| 7 E, | (2.131)

The following lemma will be used to bound A, from above.
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n+d) x (n+d)

Lemma 2.F.6. For any © € S, any positive definite matrix V' € R( , and

foranyi,j € [n],
IVP;(0)lly <THO)ly,

where I' > 0 is a problem dependent constant.

Proof. Let 0P(0,00) be the differential of P(©) in the direction 6. Then, we
have that
dP(0,00) = A.(©)T0P(0,00)A.(0) (2.132)
+ A.(O)TP(©)/OTH(O) + H(O)T9OP(0)A.(O)
where A.(©) = ©TH(O) is the closed-loop matrix. We know that P(O) satisfies

the Riccati equation as

1

P—AIPA, = Q+K'RK =0 — (P2AP™3) PPAP™E <1

where we dropped © dependence for simplicity. Therefore, similarity transformation
of the closed-loop matrix A, := P%ACP_% is a contraction, i.e., HP%ACP_% [ =
0e < 1. Multiplying both sides of (2.132)) by P~% we obtain

§P(60) = AIGP(60)A, + ATP?60THP 2 + P 2 H'§OP? A,

where §P(60) = P*%5P(5@)P*%. Taking the spectral norm of both sides and
using sub-multiplicativity of spectral norm as well as equivalence of matrix norms,
we have that
16P(60) ]2 < [AI[E10P(00)]2 + 2| A|l,]| P2 60T H P2,
< [AIBISPEO) s + 2| Aclls]| P*6OTH P72
= 03[0P(60)|; + 206|007 H||

By rearranging the inequality and using the property ||[6OTH || <[00\, || H]||y,

we obtain

_ 20
[6P(0O)]], < 1—®||5@||V71||H||v

Observing that |6 P(50) |, = [|P26P(60) P2 |, < || P|l,||5P(60)||, < D||5P(56)]l,
and noting that [| V P;;(©)]y, = Sup|se| =1 |0P;(60)] < SUP 50| _i=1 [6P(6O)]]2,
one can get

2Do
VPO < 2278

> 1 (O)]lv
)
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Observing that the function og : & — R, is continuous on S and o, =
MaXges 0g < 1 as S is compact, we can further bound the scalar from above
by © independent constant ' = iD Z > 0. [ |

The following lemma gives a useful upper bound on A,.
Lemma 2.F.7. Let A\, be defined as in (2.131)). Then, for all k > 0, we have that

Ay < 20°0, DB |[H(O,)lly+ | ' By

Proof. The proof follows directly from applying the bound in Lemma to
Equation 11 in [4]. [ |

Finally, we are ready to give a bound on the summation of A, terms

Lemma 2.F.8. Let A, be defined as in (2.131)) for any k > 0. Then, the following
bound holds with probability at least 1 — §

K 2 T 2
16n°avpl T-T,1+k 2
> oA, I T > Izl + 2a\/2 - log <5>

k=0 t=T, +1

< O(F’OIy(na da 10g(1/5)) \% T - Tw)
where o = (14 1/63)(y/2nlog(3n) + vy + (1 + K)SX,).

IN

_ . 1
Proof. Define ©, = 0,, + 3, V,, *n,. Using Proposition 9 in [4], we have that

— 8 _ .
HH(@tk)Hv_l = 14+ — HH<@tk) E [mth;{k ]1\\1tk||§a |‘Ftk—17 Etk—la @tk] -1
ﬁtk -

— 14+ ”E [ @tk)xthtk 1||90t <« ‘Ftk laEtk lv@tk:| -1

ﬁtk -

8a
1
1+m

E [HH(étk>xtk ”Vt;1 ]l||ﬂ?tkH§06 ‘ -1 By -1, étki|
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By Lemma [2.F.7)and the preceding bound, we can write

B |IHO)lly Lo, cs | Fir's B, |

2 . 2
A < 2070, TE [”H(@tk)”‘/t;l |7 ’Etk] = 2o, L P{6, € S|F"E, }

16n20w F]E [E [HH(étk)xtkHVt;l ]lllxtkHSOé ‘Ek—laEtk—hétk} ]l@tkes ‘ t;t,Etk}

- 1+£ ]P{@tk68| tk’Etk}
16n° avy, I’ ~ -
= Tj EHE[HH(@tk)xtkHVfl ]l”ﬂﬁtkHSOC ‘Ek_17 Etk_l’ @tk] ‘ t ’Etk]
Be,, —— k

Ztk
/

~~
::k}

Notice that b [Yk|}—tk71] =F |:||Ztk”v_1 Lz, ji<a | F., 1] by law of iterated expec-
tk - -

. ~ 2
tations and [z, [|y—1 Lz, j<a < FlH O )z [l Lo, <o < /0

Therefore, the sequence {Yk — HztkHVt_l ]ll\mtkll<a} is a bounded martingale
k - k>0

difference sequence. By Azuma’s inequality, we have that with probability at least
1 -9,

K 2
T-T,14+k 2
> (%= Dzl Ty 1<) sza\/z ey (5)

k=0

We can bound the sum of ||z, Hvt—l terms using Lemma 10 of [[I] and Holder’s
k

inequality as

K K tk+1_1

ZHztkHV S o e N D 1
k=0 g k=0 t=t;+1
T det Vr)
Z Izl < /T =T, log T)
=T,+

Combining these results, we obtain the desired bound

K 2 T 2
16n°avpl T-T,1+k 2
E Ay < Ty L E [2elly- + 2a\/2 - p log (5)

k=0 Br t=T,+1

Now, we are ready to bound RQI;S’Q. Under the event £ Theorem suggests
that 1/pee < O(1) if T,, = w(v/T log T)) for singular A, and T,, = w(log T') for
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non-singular A . Using this result together with Lemma [2.F.8] we have that

Ri>? = Z roRpS? < O(poly(n,d)\/(T — T,,) log(1/6))

(2.133)
with probability at least 1 — . Combining the above with (2.128)) and (2.129)), we
obtain the desired bound. |

Bounding R5"
Lemma 2.F.9 (Bounding R5" for TSAC). Let RS be as defined by 2.113). Under
the event of Er, we have that

|REY| = (poly(n d) Tlog(1/5)> :

with probability at least 1 — 20 for large enough T.

Proof.

RTP = Z E [%TH (P(ét+1) - P(ét)> Tpp1 g, "Ft} (2.134)

K
=Y B o] (PO,0) = PO)) vy tp,, | 7] 2139

Separating the duration of TSAC into two parts at ¢ = 7)., we obtain two same term
achieved in [4]. Note that in Abeille and Lazaric [4]], the authors follow frequent
update rule and TSAC updates every 7, time-steps. The proof of these terms similarly
follow Section 5.2 in [4] and using Lemma we obtain O((n+d)" /T, +
poly(n,d)y/T—T,). Note that there is an additional 7, factor in these bounds, due
to “relatively slower” update of TSAC. For large enough 7" such that the second term

dominates the overall upper bound, we obtain the advertised guarantee. [

Proof of Theorem 2.4.1
Collecting the regret terms derived in subsections of Appendix [2.F| for large enough

T, under the event E;, we have that
R} = ((n + d)"+dTw) , wp.1-9§
(n+ d)"* /T, + poly(n. d,log(/s)v/T — T, ) .
(n+ d)"™\/T, + poly(n, d, log(1/s))\/T — Tw) , wp.1-=9¢
(n+d)

n +d)""\/T, + poly(n,d, log(1/s))\/T — Tr) , wp.1—2§

RLS

o
Rt (
o

gap _
RT —
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and choosing T, = w(v/T logT) for singular A..and T,, = w(logT) for non-

singular A, gives

R =0 <po|y(n, d)T,, + poly(n, d,log(1/s))\/T — TT> , w.p. 1—24

Recall that the event E is true with probability at least 1 — 49. Combining all these

bounds, we have the overall regret bound as

Rr=0 ((n +d)"tT, + poly(n, d,log(1/s))/T — Tw> ,  w.p. 1 —106.
(2.136)

Notice that Ry is linear in the initial exploration time 7}, with an exponential dimen-
sion dependency. Also note that T, > T, := poly(log(1/6),0,",n,d,a,~v" ', k)
guarantees a stabilizing controller by Lemma[2.4.2] In order to control the growth
of Ry by O(v/T), the initial exploration time can maximally be in the order
of (vVT)'™") where T° hides all multiplicative sub-polynomial growths, i.e.,

T,=0 ((ﬁ)1+o(1)> _ O(ﬁ)

On the other hand, Theorem[2.5.T|puts strict lower bounds on the growth of 7}, in order
to maintain asymptotically constant optimistic probability. In particular, for singular
A, this condition is stated as T, = w(v/T'log T'). Combined with the required
upper bound O <(\/T)1+°(1)>, it must be that 7,, = max <T0, ¢(v/Tlog T)Ho(l))
for a constant ¢ > 0 for large enough 7. Inserting this result in (2.136)) gives us

Ry =0 ((n n d)”*d\/T) C wp. 1-100

for large enough 7'. Observe that exponential dimension dependence is unavoidable
in this case as the system is excited with isotropic noise in every direction long

enough to dominate with exponential dimension.

For non-singular A, ,, the lower bound is stated as 7,, = w(log7"). For large
enough T, choosing 7T,, = max (TO, c(log T)1+°(1)> for a constant ¢ > 0 is suf-

ficient to satisfy both the upper and lower bounds on 7). Inserting this result in

(2.136) gives us
Ry =0 <po|y(n, d, log(l/a))ﬁ> ,  w.p. 1—10

for large enough 7'. Observe that the exponential dimension dependence is not domi-
nant anymore since logarithmically large T, is sufficient to guarantee asymptotically

constant optimistic probability.
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2.G Technical Theorems

Theorem 2.G.1 (Theorem 1 of Abbasi-Yadkori, Pal, and Szepesvari [1]). Let
(Fy: k> 0) be a filtration and (my; k > 0) be an R%-valued stochastic process
adapted to (F},) , (n; k > 1) be a real-valued martingale difference process adapted
to (F},) . Assume that n,, is conditionally sub-Gaussian with constant R. Consider

the martingale
t

Sy = Zk:l MeMge—1

and the matrix-valued processes
t —
V=, meamiy, Vi=V+V, t>0
Then for any 0 < 0 < 1, with probability 1 — 0

det (V,)""* det(V)_1/2>

J

t

VE>0, |[[SfZ- < 2R?log (

Theorem 2.G.2 (Azuma’s inequality). Assume that X, is a supermartingale and
| X, — X,_1| < ¢, almost surely for s > 0. Then for all t > 0 and all € > 0,

2
—€
P(|X,— Xyl >¢) <2exp | ———
1%l 2 0 < 20 (55— )
Lemma 2.G.3 (Lemma 10 of Abbasi-Yadkori and Szepesvari [2]). The following
holds forany t > 1 :

~~

-1

(||zk|yffk_1 A 1) < 2log
k=0

det (V)
det(AI)

Further, when the covariates satisfy ||z,|| < ¢,,,t > 0 with some c,, > 0 w.p. I then

An+d) + tc,Qn)
A(n +d)

- det (V)
& det(M)

< (n+d)log (
Lemma 2.G.4 (Norm of Subgaussian vector). Let v € R be a entry-wise R-
v|| < Ry/2dlog(d/9).

Lemma 2.G.5 (Theorem 20 of Cohen, Koren, and Mansour [40]). Let z, € R for

t=0,1,...be a sequence random variables that is adapted to a filtration {F,},2, .

subgaussian random variable. Then with probability 1 — 0,

Suppose that z, are conditionally Gaussian on F,_, and that E | z, 2} | Fili| = ol

for some fixed o> > 0. Then fort > 200(n + d) log % we have that with probability

at least 1 — ¢
t

E T>wgl
A .
57840

s=1
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2.H Implementation Details of Numerical Experiments
The LQR problem for the longitudinal flight control of Boeing 747 with linearized
dynamics [113] is given as

099 0.03 -0.02 -0.32 0.01 0.99
0.01 047 4.7 0 —3.44 1.66
A*: 7B*: ,Q:I,R:I,w
0.02 —-0.06 0.4 0 —0.83 0.44
0.01 —-0.04 0.72  0.99 —0.47 0.25
(2.137)

This system has been studied in [140], [191]. It corresponds to the dynamics for
level flight of Boeing 747 at the altitude of 40000ft with the speed of 774ft/sec, for a
discretization of 1 second. The first element of the state corresponds to the velocity
of aircraft along body axis, the second is the velocity of aircraft perpendicular to
body axis, the third is the angle between body axis and horizontal and the fourth is
the angular velocity of aircraft. The system takes two dimensional inputs, where the

first is the elevator angle and the second one is thrust.

For this task we deploy 4 different adaptive control algorithms that do not require
initial stabilizing controller: (i) TSAC, (ii) StabL of Lale, Azizzadenesheli, Hassibi, et
al. [[140], (ii1) TS-LQR of Abeille and Lazaric [4]], and (iv) OFULQ of Abbasi-Yadkori
and Szepesvari [2]. Each algorithm has certain hyperparamters and we tune each
parameter in terms of its effect on refret and present the performance of the best
performing hyperparameter choices. We use the actual estimation errors in the
algorithm design. Note that this has been observed to have negligible effect on the

performance [44].

To have fair comparison in the regret performance in a stabilizable system like
(2.137), we follow fixed update rule in TS-LQR in parallel with TSAC, and add
an additional minimum policy duration constraint to the standard design matrix
determinant doubling of OFULQ. Moreover, in the implementation of optimistic
parameter search we deploy projected gradient descent (PGD). Even though this
approach works efficiently for the small dimensional problems such as (2.137), it

becomes computationally challenging as the dimensionality of the system grows.

Nevertheless, our results show that PGD is effective to find optimistic parameters
and as observed in Lale, Azizzadenesheli, Hassibi, et al. [140] yields the superior
performance of StabL. with a small margin between TSAC. This difference is in
parallel with the predictions of theory. As we show in our analysis, TS samples an

optimistic model with a fixed probability. However, an effective way of solving the

~ N(0,1).
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optimistic control design problem yields optimistic controllers at every time-step

and gives more effective control over exploration vs. exploitation trade-off.
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Chapter 3

LEARNING TO CONTROL PARTIALLY OBSERVED LINEAR
DYNAMICAL SYSTEMS

3.1 Introduction

In this work, we study the adaptive control of an unknown partially observable
(measurement-feedback) linear dynamical system with quadratic cost and Gaussian
disturbances, i.e. the LQG control problem. This problem is central in control
theory and reinforcement learning (RL) since it captures the crux of the challenges
in policy design for real-world systems with unknown model dynamics [31]. In such
systems, the controlling agent does not have access to the latent state of the system
and observes the dynamics via noisy measurements. Since the state of the system is
not directly observable, the challenges in system identification, and balancing the

exploration vs. exploitation trade-off in policy design, are especially magnified.

In recent years, there have been several developments in algorithmic design and
statistical learning guarantees in adaptive control [136]—[138]], [159], [[176], [211],
[223]], [261]]. These studies primarily focus on improving the performance of the
adaptive control algorithms in terms of regret (the excess cost against the optimal
policy that knows the system dynamics) and on computational efficiency. The
prior works that consider the regret minimization problem in adaptive control of
unknown LQG control systems mainly adopt three different paradigms for policy
design: certainty equivalence [159], online learning [136]], [211]], and the optimism
principle [137]], [138]]. Even though these methods provide a variety of algorithms
with strong theoretical regret guarantees, they suffer either from limited applicability

in practice or inherent algorithmic drawbacks (see Section [3.7).

Among these methods, the optimism principle provides the most sophisticated strategy
to handle the exploration vs. exploitation trade-off via selecting the model with the
lowest cost within the set of possible models and executing the optimal policy for this
model [117]. This strategy encourages exploration of rarely visited regions of the state
space and can be shown to converge to the optimal policy asymptotically [21]]. Thus,
the optimism principle has been the central policy design option in the prior works on
adaptive control in unknown LQG control systems [[137], [138]. These works have

established that using optimism, the adaptive control algorithms can attain 6(\/T )
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regret after 7' time steps, which is the best-known performance guaranteeﬂ However,
finding the model with the lowest cost, i.e., the optimistic model, requires solving a
non-convex optimization problem and it is NP-hard in general [6]]. This computational

intractability severely limits the efficiency and applicability of these algorithms.

Thompson Sampling (TS) is a promising alternative to overcome the computational
burden of finding the optimistic policy [218]. In TS, the agent samples at random
from the posterior distribution of models computed from a given prior distribution
and the observed data and executes the corresponding LQG-optimal policy for this
model [222]]. This approach replaces the cumbersome optimization in optimism
with straightforward sampling and results in a polynomial-time method. It should be
noted that in RL there are several empirical studies that demonstrate the efficacy of
TS-based methods [12], [34], [173]. Motivated by these computational and empirical
advantages, [4] proposed TS-based adaptive control algorithms for fully observable
(state-feedback) linear quadratic (LQ) control systems, i.e., LQRs. Their algorithm
attains optimal performance only for scalar systems. More recently, [[126] developed
a TS-based adaptive control algorithm that attains optimal G(ﬁ) regret for all
stabilizable LQRs with arbitrary input and state dimensions. However, until this,
there have been no theoretical or empirical studies of TS for the more challenging

problem of adaptive control in unknown partially observable LQG control systems.

Our contributions: In this work, we theoretically and empirically study TS in
adaptive control of unknown partially observable LQG control systems. In particular,
we propose an efficient TS-based adaptive control algorithm, Thompson Sampling
under Partial Observability, TSPO, for learning and controlling unknown LQG
control systems. We show that TSPO attains 6(\/7) regret after 7' time steps,
which makes TSPO the first efficient adaptive control algorithm to achieve this
regret rate for adaptive control of partially observable LQ control systems with
convex cost (Table [3.1). Furthermore, we empirically study the performance of
TSPO in the measurement-feedback control of a 2" —order SISO system. We show
that TSPO effectively explores the model dynamics and achieves competitive regret

performance in a computationally efficient way.

TSPO starts with a short warm-up period to gather data to generate an initial model
estimate. It then interacts with the system in epochs where it uses a fixed controller
throughout each epoch. At the beginning of each epoch, TSPO uses a closed-loop

system identification method (via a predictor-form state-space representation) and

'Here 6() presents order up to logarithmic terms.
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Figure 3.1: TSPO Framework

estimates the underlying model parameters along with confidence intervals. Using
these estimates and associated uncertainties, TSPO constructs a posterior distribution
on the model parameters and randomly samples a model from it. Throughout the
epoch, it uses the optimal policy LQG for this sampled model. TSPO uses epochs with
doubling length, and adaptively improves the model estimates and the controllers.
The outline of TSPO is given in Figure 3.1} Conceptually, the TSPO method may not
seem very surprising. What is surprising is that the simple TSPO achieves (~)(\/T )
regret. The main technical challenge of this paper is to establish this fact. To do
so, we first show that the regret of a fixed TS policy scales linearly over time with
respect to the estimation error in the model parameters (Theorem [3.4.4). Further, we
prove that TS policies maintain stable system dynamics and bounded inputs/outputs
provided a long enough warm-up duration (Theorem [3.4.1)). Finally, we show that
model the estimates and the TS samples jointly concentrate around the true model
parameters over time (Theorem [3.4.2). Combining these results with the logarithmic
policy updates of TSPO, we prove that the regret of TSPO is 6(@ ).

Due to space constraints, some of the proofs are given as sketches in this manuscript.

The details and full proofs can be found in the extended version of this work online.

3.2 Problem Setting
Let ©, :=(A,, B,,C,) with A,e R"™", B,e R"*?, C,€ R™*" be model parameters
of an environment modelled as a linear time-invariant dynamical system in state-space

form
ZL‘t 1 :A ZL‘t+B ut+wt
+ * * ) (3 1)
Yy = Chxy + vy,
where w, ~ N (0, W) and v, ~N (0, V) are independent process and measurement
noise sequences, respectively, each with 1.i.d. normal distribution with positive

definite covariance matrices W € R™*" and V e R™*™.
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Table 3.1: Comparison with prior works on adaptive control in partially observable
LQ control systems (CE = Certainty Equivalent, GD = Gradient Descent). S.Convex
stands for strongly convex cost, i.e., positive definite @), R in (3.2))

Work Method Regret Cost Complexity
[[159] CE VT S.Convex Polynomial
[211] Online GD /T S. Convex Polynomial
[136] Online GD polylog(7") S.Convex Polynomial
[1137] Optimism T?/3 Convex NP-hard
[138] Optimism /T Convex  NP-hard
211] Online GD T%? Convex  Poly

Our Work TS VT Convex Polynomial

At each time step ¢ > 0, an agent observes the output 3, € R™ when the system
is at (hidden) state 2, € R". Based on the knowledge of past output observations
and control inputs, the agent then exerts a control input u; € R? and suffers an

instantaneous cost
Cy = ?/tTQyt + UgRun (3.2)

where QeR™ ™ and ReR**? are positive semidefinite and positive definite matrices,

respectively. After taking the control input v, the state evolves to z; ;.

The goal of the agent is to reduce the cumulative cost ZtT:o ¢; by deploying control
actions after 7' > 0 number of interactions with the environment. This can be
achieved by finding the best control policy that minimizes the average expected cost

subject to the dynamical constraints in (3.1]) as

J. = limsup inf l]E[Zthoct] s.t. G, (3.3)

T—00 ug,...,up T

where J, is the optimal average expected cost of the system ©,. Note that the
control input u, at a time ¢ > 0 can be designed based on the past input-output pairs,
Hy=0(Ysy e, Yo, U1, ---, Ug). Any control policy that attains the cost of J, in (3.3

is called an optimal control policy.

In the adaptive control setting, the agent is assumed to be unacquainted with the
model parameters O, and has to design control inputs without knowing the underlying
system. In this case, the agent can learn the model parameters of the underlying
system from past interactions with the environment and can design control inputs at
the same time accordingly based on past observations and inputs. Due to uncertainty

in the true system, the agent deploys a suboptimal control policy even after several
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interactions. We measure the finite-time performance of the agent by regret defined

as
T
R(T)=7) (¢~ (3.4)
which is the difference between the cumulative cost the agent suffers after 7T’

interactions and the optimal steady-state cost attained after 7" steps with the perfect

knowledge of O,

In order to assure that ./, attains a finite value, we assume that the underlying system,
O, is controllable and observable. The optimal control policy of the system O, is

given by u, = —K,7,,(0,) with optimal feedback matrix
K, = (R+ BIP,B,) 'B]P,A,, (3.5)

where P, is the unique positive semidefinite solution to the following discrete

algebraic Riccati equation (DARE):
P =ATP A, +CIQC,—AIP B, (R + BIP*B*)’lBIP*A*. (3.6)

The term Z,,(©,) is the minimum mean squared error (MMSE) estimate of the
underlying state z; assuming system parameters O, and given the past information
defined as H, = o(Ys .-, Yo, Us_1,---,Ug). The estimates can be computed

efficiently by Kalman filter recursions given as

ij\t\t<@*) = (I - L*C*):/C\t\t—l(GQ + L*yta

~ ~ 3.7)
xt\t—1<@*) = A*$t—1|t—1(@*) + Buy_y,
with initial condition 7, (©,) = 0 where
L, =X,ClC.2,CT+ V)™, (3.8)

is the optimal Kalman gain and ¥, is the unique positive semidefinite solution to the
following DARE:

S, =ANAI+W A%, CHC,.S,CT+V) 'C, %, AL (3.9)

The optimal average expected cost of controlling O, takes a finite value and can be

computed as

J(0,) = tr(Q(C.,CT + V) + tx(Pi(3, — S,)) (3.10)
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where S, = %, — X,CT(C,%,CT + V)7'C,%, is the covariance of the error

Ty,(0,) — 2,. The dynamical system ©, depicted in the state-space formulation in

(3.1) can be equivalently represented as

Typq = A*/I\t + B,uy + Fly, 311
Y, = C.2, + ¢

where F,:= A, L, is the predictor gain, A, := A, — F,C,, and {e,} is the zero mean
and white innovation process. This equivalent representation is commonly known
as the predictor form [[120], [121]] and the state Z, can considered to be equivalent
to 7y,_1(0,), the MMSE estimate of state z;, given (y,_1,...,%o, Us_1,- -, Up).
Since Kalman filter converges to the steady state exponentially fast [172], the
innovations process in the predictor form (3.1T]) attains the steady-state distribution
e, ~N(0,C,X,CT+V) and therefore the current output y; is described by the history

of inputs and outputs with an i.i.d. normal disturbance, e,.

In our study, we will use the notion of strong stability introduced in [39] to quantify

the stability of a matrix.

Definition 3.2.1 (Strong stability [39]). A matrix A € R"*" is (k,y)-stable for
k> 0and v € (0,1] if there exists a similarity transformation A = SAS™" such that
SIS < wand [JA] <1~

Before stating the assumptions on ©,, we define the following metric to quan-
tify the mismatch between model parameters which is invariant under similarity

transformation as these transformations preserve the input-output dynamics.

Definition 3.2.2 (Model Mismatch Pseudometric). Given two model parameters
0, = (A, By, C)), Oy = (Ay, By, Cy), we define the following pseudo-metric

IT" A, T-S"A,8]],
p(@l,@Q)::TglleigL max T "B, —S"'B,|,
|C1T -G5S

which is invariant under similarity transformations.

Assumption 3.2.3. The system O, = (A,, B,,C,) lies in a set S such that

(

Ais (kq,7,)-stable,
(A, C) is observable,
SC(O=(AB,0C) (A, B) is controllable, ,
(A, F(O)) is controllable,
max([| A, || B]l, |€]}) < D

7
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Algorithm 2 TSPO
1: Input: (n,m,d), (Q,R), T,, H,6 >0,u>0,D >0
——— Warm-Up
2: fort=0,1,...,T, do
3: Deploy u, ~N(0,021) and store Dy ={y;, u; } 1,
4: end for
— ADpAPTIVE CONTROL
: forz’—O,l,...d
Compute (Mz, Vi) <—RLS( = {yt,ut}t )

5
6:
7: Sample M, «— RS(M +5;V, ~)7 [Z];;~N(0,1)
8
9

O, + SysIp (M,,H n)

. fort=2'T,+1,...,2"'T, do
10: Execute the optimal controller for O,
11:  end for
12: end for

where D >0, k; >0, and -, € (0,1]. Furthermore, S consists of strongly stable
systems, i.e., there exist constants ky, 3 >0 and 7y, 73 € (0, 1] such that A — BK(O)
is (Kq,72)-stable and A—F(©)C'is (ks3,73)-stable forall O €S .

The above assumptions are standard in system identification settings in order to
ensure the possibility of accurate estimation of the system parameters [[136]]—[138]],
[159], [176], [198]], [211], [224], [261]].

Remark 3.2.4. By assuming controllability and observability of the underlying system
with state dimension n, we implicitly assume the order of the underlying system is
also n, i.e., the system is in its minimal representation. We adopt this assumption
for ease of presentation. There are several efficient algorithms that find the order
of an unknown linear dynamical system [198]]. Using these techniques, we can lift
the assumption on the order of the system without jeopardizing any performance

guarantees.

3.3 Thompson Sampling under Partial Observability (TSPO)

In this section, we present our proposed algorithm TSPO, the first computationally
efficient and regret optimal RL algorithm for partially observable linear-quadratic
control systems with convex instantaneous cost. TSPO is provided in Algorithm 2]
It consists of two phases: (i) Warm-up period for pure exploration, (ii) Adaptive

control using TS.

Warm-up: In the early stages, TSPO excites the system by injecting i.i.d.isotropic
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Gaussian noise u;, ~ N (0, ai) for a duration of 7}, > 0 and collects samples of
observed output and control input, Dy = { (v, u;)}+“,. By exciting the system with
i.i.d.noise, TSPO explores the system effectively and generates a reliable initial
estimate of the underlying model using the data collected. The warm-up duration,
T,,, 1s set to meet a desired estimation accuracy so that any policy designed from the
confidence set is guaranteed to stabilize and persistently excite the underlying system.
We provide formal guarantees for stabilization in Theorem [3.4.1]and for estimation

accuracy in Theorem |3.4.2

Adaptive Control: After guaranteeing the design of stabilizing and persistently
exciting policies during the warm-up phase, TSPO proceeds to the adaptive control
phase. In this phase, TSPO cycles through epochs of fixed-policy control with
doubling duration. At the beginning of each epoch, TSPO updates its policy based

on input-output data gathered up to that time. The policy design involves three steps.

In the first step, TSPO deploys subroutine RLS to perform a closed-loop model
estimation from the collected input-output data using regularized least squares.
Consider the predictor form of system ©, given in (3.11). Rolling back the state
evolution A > ( time steps back, we can write the observation at time ¢t > H as

follows
Yt—s—1
Up 51

H-1 _ _
yt :ZSZO C*Ai |:F* B*:| +et+C*Af§t—H'

Since A, is stable by Assumption [3.2.3] the last term decays exponentially fast and is

negligible for large enough /. Using this definition and following [136]], the output
1, can be written compactly as follows

Y = M, +e, + C AT, g (3.12)

where M, € R™ M+ DH ¢ the H-truncated matrix of predictor Markov parameters
defined as
M, = [M*(O) . M*““)} , (3.13)

with M) = C,AJ[F, B,]. The vector ¢, € R DH ig the truncated history of
input-output data defined as

.
O, = [ytll e Yy UL utT_H} (3.14)

Thus, any input-output trajectory D = {ys,us}izo up to time ¢ > H can be
represented as
Y; - ®tMI _|_ Et _|’ Nt (3.15)
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T T
for Y;f:|:yH Ya+1 - - ?/t] , O= [¢H Pr1 - ¢ti| , By= [GH €CHy1 - Cf >
— T
N=C AL [ By .. B -

The subroutine RLS takes any input-output trajectory data D = {y,, u,}._, for
t > H, and constructs the data matrices Y, and ®,. Provided with a regularization
parameter ;o > 0, RLS obtains an estimate of the unknown truncated ARX model
M., by solving the following regularized least square problem first introduced in
(136,

M, = arg mingg [|¥; — &,MT|[% + ul| M. (3.16)

Denoting the design matrix by V, = ul + ®]d,, the solution to (3.16)) is given by
M\t = Y,®,V, . InLemma , we give a self-normalized finite-sample estimation
error for the closed-loop estimate M\t following [136, Thm. 3].

Lemma 3.3.1 (Closed-Loop Estimation, [136]]). Fix a horizon T" > H. For all
te[H,T) and § € (0,1), true ARX model M, lies in the set C, defined as

Coi= {M | (M, — M)V,(M, - M)T) < 57} (3.17)

with probability at least 1 — § where

tvH
T2

det(V;)"/*
& det(pul)"/?

By =\ |m¥log ( ) + [Mllpv/i +

for £, =|C.E.CI+V| g, as long as H> H.:=Q(log T).

In the second step, TSPO calls subroutine TS to further explore the unknown system
by sampling a random model from a distribution incorporating the estimated model
and the associated uncertainty in the estimation. Given the estimate M\t and the
design matrix V; at time ¢t > T,,, TS samples a perturbed truncated ARX model /Wt
as follows

Mt = Rs(ﬂt+5tv;%5) (3.18)

where R s denotes the rejection sampling operator associated with the set S given
in Assumption [3.2.3| f3, is the confidence ellipsoid bound in Lemma [3.3.1} and
= € R™ ) is the random perturbation matrix with i.i.d.standard normal entries,

[=];; ~ N(0,1).

_1
The perturbation 3V, *= randomizes the RLS estimate coherently with the un-

certainty conveyed by the design matrix. The rejection sampling operator R
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keeps sampling independent random perturbations = until the perturbed model
—~ _1
M+ 3.V, *E lies in set S. The following lemma gives the confidence set for the
sampled /Wt.

Lemma 3.3.2 (TS confidence set). For all t > H, the sampled ARX model ./Wt lies in
the set @ defined as

Coi= {M | (M, - M)V, (M, - M)T) < 27 | (3.19)

with probability at least 1 — § where

v, = Bymy/2(m + d)H log (2m(m + ) HTS ) (3.20)

Proof. We bound the probability of belonging to é; as

P(¥ < T, M, €C)=1-PE <T. M ¢C) (3.21)
T~
> 1= Zi:o P(M, ¢ C,) (3.22)
T
> 1= ZiZOIP(HEHF > v/ By) (3.23)
Z1-0 (3.24)

where (3.22)) is due to union bound, (3.23) is due to rejection sampling and (3.24)) is

due to Gaussian norm bound. [ |

In the last step of policy design, TSPO deploys subroutine SysIb to obtain a state-space
realization from the sampled truncated ARX matrix using a system identification
method introduced by [136]]. SysIb is a subspace identification algorithm and a
variation of well-known Ho-Kalman method [105]. By taking in M + SysIp constructs
corresponding block Hankel matrices using sampled Markov parameters Mt(s) and
uses SVD and Assumption to recover model parameters ét = (gt, Et, @)
realizing the system governed by the truncated ARX model Mvt. A detailed
description of SysIp can be found in [136]. In the following, we show that
propagation of error from truncated ARX model to the state-space realization
designed by SvsIb is linear.

Lemma 3.3.3 (Error propagation in SysIp [136]]). Suppose Assumption holds.
Let ©,= (A, B, C.) and 0= (%T, B , 5) be the model realizations obtained from
M, and M using Svslp, respectively. The error between ©, and © as measured in p

can be bounded as follows

p(0,0) < (M — M,]| (3.25)
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ifHM—M* | < €, for positive problem dependent constants { = poly(n, H, D, ky, )
and ey =poly(n, H, D, ki, 72).

In the rest of the epoch, TSPO deploys the optimal control policy of the sampled
model ét given as u, = —IN(tfﬂt(ét) where I?t is the optimal feedback matrix of
ét and @“(ét) is the MMSE estimate of the state assuming system ét. Repeating
this, TSPO keeps collecting samples during each epoch and uses the gathered data
for refined model estimation, uncertainty quantification, and uncertainty-informed
model sampling to further improve controller design in the next epoch. Due to
reliable model estimation from the warm-up period, the controller designed right
after the warm-up and all subsequently designed controllers stabilize and persistently

excite the underlying model (Theorem (3.4.2)

3.4 Algorithmic Guarantees

In this section, we derive the algorithmic guarantees promised in Section[3.3] In
particular, we formally state the guarantees pertaining to stability and persistence of
excitation of the system under TSPO. We eventually show that the model mismatch

error, i.e., error between the sampled model and the underlying model decays as
O(1//1).

In the rest of this manuscript, we use asymptotic notation and hide problem-dependent
constants to streamline the exposition as we are mainly interested in the regret rate
with respect to the horizon, 7. We also note that all the constants in this manuscript,
where some are omitted to ease the presentation, have polynomial dependence in the

problem-dependent constants.

As shown in [[138, Lem. 3.1], the underlying system is persistently excited, i.e.,
Omin(Vr,) = Q(T,,) during the warm-up period by injection of Gaussian input.
Using the concentration result for the closed-loop estimation in Lemma the

estimation error at the end of warm-up period is bounded as

vi B, ~( 1
Mp —M||lp < —= <0 —== 3.26
W = Mle = v =0\ 2
Similarly, for the perturbation error in TS, we have |\/\A4/Tw—ﬁ/l\Tw |r=0(1/v/T,).
This gives ||/K/lva—/\/l* |- =0(1/+/T,). By Lemma3.3.3, we obtain the final model
mismatch as p(éTw, 0,)=0(1/y/T,) for T, > H+Q(1/e3;).

Our next objective is to find guarantees for stabilizing and persistently exciting policy

design right after the warm-up period. Our strategy is to set 7,, so that model
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mismatch error after the warm-up p(éTw, ©,) is small enough to yield the desired
policy. The following lemma shows that the underlying system can be stabilized by

the optimal controller of another model with small model mismatch error.

Lemma 3.4.1 (Stability and Persistence of Excitation). Suppose that system O, €S
is controlled by the optimal policy of a model Q¢ S for a duration of T > 0. For all
t <T7andd € (0,1), with probability 1 — §, we have that

<X
”xtH — T ”yt’l T (3.27)

1 (O < Xry el

where X.,Y,, X, U. = O(\/log(7/d)) whenever the model mismatch error is
small as p(é, ©,) < €, for a problem dependent constant ¢, > 0. Moreover,
assuming the system ©, is persistently excited by its optimal controller, we have
the following o, (V;) > tag min (o2, (W), oo (V) /16, with probability 1 — §
whenever p(é, ©,) < €, for problem dependent constants €,, o, > 0 [138].

Due to space constraints, we provide a proof sketch. Given the optimal control policy
of ©, we construct a 2n-dimensional autonomous linear dynamical system of joint
evolution of the state z, and the Kalman filter /m\t‘t(é). By showing that the joint
evolution is stable when the system ©, is controlled by its own optimal controller, we
can create a neighborhood (p-ball) around ©, such that any model in the proximity
yields a (k’,~')-stable joint evolution with &',y" = poly(ky, kg, k3,71, V2, V3, D).
Similar to prior work in finding a stabilizing neighborhood, e.g. [140], we deduce
the estimation error that we can tolerate such that the TS controllers for the systems
sampled within the confidence sets, stabilize the underlying system. The proof of
persistence of excitation also follows similarly by constructing a neighborhood of
O, such that any controller from that neighborhood persistently excites as well. A

detailed version of this proof can be found in [138], Lem. 3.2].

Here we assume that there exists a o, > 0 such that the underlying system is
persistently excited with its own optimal controller. The necessary conditions for this
is given in [[138]. Following Lemma T,>H +Q (max(l/e?\/l, 1/e2,1/e))
guarantees that TSPO stabilizes and persistently excites the underlying system right
after the warm-up during the first epoch in adaptive control period. Noticing that
refining the model estimation by collecting more data in the subsequent epochs
does not decrease the design matrix, we can argue that the model mismatch error in

the next epochs does not increase. Therefore, all controllers designed by TSPO in
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the subsequent epochs stabilize and persistently excite the underlying system by
Lemma[3.4.1] This leads to the following end-to-end result guaranteeing improving

model mismatch error and stability throughout the adaptive control period.

Theorem 3.4.2 (End-to-End Guarantee). Fix a time horizon T > T,,. Denote
by (:)l the model parameter obtained by TSPO at the beginning of the i epoch
and by T, = 2'T,, the time passed until the beginning of the i" epoch. For all
i=0,1,...,|log(T/T,)] and § € (0, 1), the model mismatch error decays with
probability at least 1 — ) as

p(6,,0,) < O(T, %) (3.28)

7

Moreover, (1, y,, Ty, u,) are bounded with high probability as in (3.27) throughout

the adaptive control phase.

Proof. Observing V, 3= V. for any t > T,,, we can argue for the chosen T, that
p(61,0,) < p(©y, ©,). Therefore, the requirements of Lemma are satisfied
and the system is stabilized and persistently excited in the next epoch as well. This
yields p(©,,0,) < O(1/+/2T,). Following the same argument recursively, we
conclude that the desired results hold for all the subsequent epochs. |

We end this section with regret bounds for fixed policies. The following meta-theorem

gives a regret upper bound for deploying a i.i.d.Gaussian excitation for a fixed period.

Theorem 3.4.3 (Regret of Gaussian Excitation, [137]). Suppose system O, €S with
dynamics (3.1) is driven by an i.i.d.normal Gaussian input process, u, ~N (0, 021).

For 6 € (0, 1), the regret incurred after T >0 steps is bounded as

R(7) < poly(c,)T + poly (au,log (%)) O(V7). (3.29)

with probability at least 1 — .

The following meta-theorem provides an upper bound on the regret of controlling a
system O, by deploying the optimal policy of another system O for a fixed period of
time. This result shows that inaccuracies in due to model mismatch are propagated
linearly in regret with linear-time growth. By controlling the model mismatch error

in each fixed-policy epoch, we can reduce the regret to a desired level.
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Theorem 3.4.4 (Regret of Model Mismatch). Suppose that system O, € S is
controlled by the optimal policy of a model Oc S for a duration of T > 0. For
d € (0, 1), with probability 1 — §, the regret incurred due to model mismatch after
T >0 steps is bounded as

Rg(7) < O(p(©,0,)7). (3.30)

with probability at least 1 — & whenever the model mismatch error is small as

p(é, ©,) <min(e,, €,) for a problem dependent constant €, > 0.

Proof. We split the regret as follows:
Rg(r)=3_ (=) +7(]— 1), (3.31)

where J is the optimal average expected cost of ©. Note that the dynamical variables
are all bounded by Lemma as p(é, 0, ) <e¢,. Therefore, following the analysis
of [137, Thm. 4.1], we can bound the first term as O(p(©, ©,)7). For the second
regret term, consider 00 == 0— O, the difference between models. Without loss of

generality, we can argue
¢ = max([|§A|| -, [6C 1 r, 15C] r) = p(©, ©,). (3.32)

Notice that the optimal average expected cost function, J(©) given in is a
smooth function of its parameters, © within the highly non-convex domain S. In
order to obtain an error bound on the difference .J — J,, we can use linearized
Taylor expansion in the close vicinity of ©,. In other words, there exists a problem

dependent constant €, > 0 such that for € < ¢,., we have that

J—J,=VeJ(O)edsO
< max([|[V4J(O), [VsJ(O), VeI (©)])e

where ©, @ ©, = tr(A; Al) + tr(B;Bj) + tr(C,C1]) is the Euclidean inner product
and © = O, + 60 for t € [0, 1]. Taking the supremum of the last inequality over all
© € S and noting that V. J(©) is a continuous function over the compact set S, we
obtain the error bound .J — J, < T'se where I is the maximum norm of Vg J(O©)
attained in S. Substituting this result into the regret decomposition yields the desired
regret bound. u
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3.5 Regret Analysis

In this section, we formally state our main regret result for TSPO utilizing the
algorithmic guarantees and fixed-policy regret bounds developed in Section [3.3]
Theorem [3.4.3|shows that random exploration in the warm-up period incurs linear
regret, i.e., O(T,,). In order to analyze the regret incurred during the adaptive control
period, the system should be stabilized and the model mismatch error should decay.

For a fixed horizon T' > T, we define the following events

By = {¥i € [0,ir], (8| < X, ]l <V} (3.33)

E&:{WGmﬁmméﬁggé(j%)} (3.34)

where X,Y = O(\/logT), iy = |log(T/T,)|, and T, := 2'T,, is the total time
passed until the beginning of the i"™ epoch. It is clear from Theoremm that the
intersection Ey N Ep holds with high probability under the Assumption if
T,>H +0 (%) This result is critical for the regret analysis as it shows

mln(eM €5+€p5€r)

that inaccuracies in the estimation, as well as the random perturbations from TS are

refining with the order of data collected in the past epochs and these errors, do not
cause explosions in the system. With these results in hand, we give an upper bound
on the overall regret of TSPO.

Theorem 3.5.1 (Regret of TSPO). Suppose Assumption holds. Fixing a horizon
T>0, let H=max(2n+1,Q(logT)) and T,,> H+ (%) The regret

min(eyr,€;5,€p,€)

incurred by TSPO up to horizon T' is bounded with high probability as

Ryspo(T) = O(VT). (3.35)

Proof. We split the overall regret into individual regrets incurred during the warm-up
period and each of the epochs in the adaptive control period as

Rrspo(T) +—j{: Ri(Tiy —T)) (3.36)

where R?; is the regret incurred during " epoch. From Theorem , we have that
R(T,) = O(T,,). From Theorem 3.4.4, we can bound each regret term as

BTy, —T;) < O(p(6,,0,)(Tiyy — T3)) (3.37)

Noting that p(6;,0,) <O(1/+/T;) by Theorem 3.4.2, we have

Ri(Ty — )<O(i%fz):6<J§ﬁ) (3.38)
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Figure 3.2: Regret Performance

Summing all these terms for i = [log(T'/T},) ], we obtain 37 R,(Tj,q — T;) =
O(VT). |

For the systems whose optimal policy is not a persistently exciting controller, we

provide the following regret bound.

Theorem 3.5.2 (Regret without PE). If the underlying system ©, is not persistently
excited with its optimal policy, TSPO incurs the following regret with high probability,

- T“J> (3.39)

VI
Thus, setting T, :O(T2/3) gives Rrgpo(T) = 6(T2/3)_

Ryspo(T) =0 (Tw +

Proof. Similar to the proof of Theorem TSPO incurs G(Tw) regret during
warm-up. Since the system is not guaranteed to be persistently excited, the best
error bound for model mismatch error is attained right after warm-up. In other
words, p(6;,0,) < O(1/y/Ty,) for all epochs. By substituting this error result in
the regret decomposition by invoking Theorem [3.4.4] the desired bound is obtained.
Substituting 7, = O(T*?) yields the specified bound. [

3.6 Numerical Simulations
In this section, we evaluate the performance of TSPO in a simulated adaptive

measurement-feedback control task. In the simulations, we used state-space parame-

A= 09 0 B =
0 0.7

with ()= R=1 and isotropic Gaussian process and measurement noise with standard

ters given as
1

| O = [2 1} (3.40)

deviations as o, =0, =0.05. We set the hyperparameters of TSPO as follows: ARX
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model truncation length H = 10, warm-up period 7, = 12, Gaussian excitation

covariance o, =0.01, RLS regularization parameter 1 =0.01, and 6 =0.05.

We perform 100 independent runs for 200 time-steps for TSPO and report their
average and 90% confidence interval. The results are presented in Figure The
simulation results demonstrate that the regret over time almost stabilizes for the given

system and the growth is sub-quadratic, matching the theoretical findings.

3.7 Related Works

Our work mainly relates to the works at the intersection of statistical learning and
control. Recently, there have been considerable efforts to give finite-time regret
guarantees for adaptive control algorithms in linear dynamical systems. TSPO fits

into this line of work and overcomes some of the drawbacks of prior algorithms.

Fully Observable LQ Control (LOR): Due to their simplicity, state-feedback LQ
control problems have been the primary focus in prior work [4]], [63], [64], [[126]],
[140], [174], [210]. These works have established that 6(\/7) regret is optimal
in this setting. Some of these methods rely on certainty equivalent (CE) control
which is sensitive to model mismatch and requires a priori knowledge of a stabilizing
controller [210]. Some of them utilize optimism and avoid the need for a stabilizing
controller, yet suffer from the inefficient (generally NP-hard) algorithmic proce-
dure [64], [140]]. TS-based methods overcome these drawbacks and have recently
been shown to provide the first efficient adaptive control algorithm to achieve optimal
regret in all stabilizable LQRs [[126]. TS is also shown to be efficient in the control

of continuous-time systems [61]].

Partially Observable LQ Control: The statistical learning literature on measurement-
feedback systems is more sparse due to the challenges of partial observability [136]—
[138], [[159], [211]]. Among these, CE-based method in [[159] attains (N)(\/T) regret
if the quadratic cost is strongly convex ((), R > 0), which is only a subset of systems
studied in this work. Similarly, under strongly convex cost condition, [211] show that
6(\/7) regret is attainable using online learning (gradient descent), and [[136] further
prove that optimal polylogarithmic regret is achievable in this setting. However,
these results non-trivially rely on the strong convexity of the cost. Until now, the only
efficient algorithm that provides regret guarantees in the setting of convex cost is given
in [211], which also uses online learning but attains sub-optimal regret of 6(T2/ %),
TSPO and its guarantees match this result in the most general setting (Theorem [3.5.2)),

i.e. if the underlying system is not persistently excited by its optimal policy, and
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show that (N)(\/T ) regret is also attainable efficiently (Theorem 3.5.1).

3.8 Conclusion

In this work, we provide the first efficient adaptive control algorithm, TSPO, that
attains 6(\/7) regret in partially observable LQ control systems with quadratic
cost. We show that TSPO provides consistent estimates of the model parameters and
designs controllers that stabilize the underlying system. Moreover, we show that the
regret performance of controllers designed via TS improves linearly with respect
to model estimation error, which allows us to derive our regret guarantees. One of
the most important future directions is to further investigate the role of persistence
of excitation (PE). In LQR literature, [[126]] shows that without PE, one can attain
6(\/7) using a self-normalized construction in the analysis. It remains an open
problem if this result could be extended to the LQG control problem. Another
important direction is to see whether TSPO can achieve polylogarithmic regret under

strongly convex cost conditions.

3.A Proof of Lemma 3.4.1] (Stability and PE)
2. Proof of Lemma 3.3.1| (closed-loop estimation)

3. Proof of Lemma/[3.3.2] (TS confidence set)

4. Proof of Lemma[3.3.3](SysIp error propagation)

5. Proof of Lemma [3.4.] (Stability and PE)

6. Proof of Theorem 3.4.2] (End-to-End Guarantee)

7. Proof of Theorem [3.4.3| (Regret of Gaussian Excitation)
8. Proof of Theorem [3.4.4] (Regret of Model Mismatch)

9. Proof of Theorem [3.5.1] (Regret of TSPO)

10. Proof of Theorem [3.5.2] (Regret without PE)

Lemma 3.A.1 (Strong stability of perturbation [225, Prop. 4.0.1]). Suppose the
matrix A € R"™" is (k,~)-stable for k > 1 and v € [0,1). For~' € [y,1) and
perturbation A € R"*", the perturbed matrix A + A is (k,~')-stable whenever
1A < &7 =)
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Lemma 3.A.2 (Bounded state [32, Lem. 38]). Suppose the matrix A € R™*" is
(k,7)-stable for k > 1 and y € [0, 1) and the matrix B € R"*™ has bounded norm,
|B|| < D for D > 0. Consider the linear dynamical system

x4 = Az, + Bwy, forallt > 0. (3.41)
Given two time steps 0 < t, < t; < oo, we have that

_ kD
2| < my 70|y, ||+ T ax [lw,l], (3.42)
— 7Y s€lto.ti]

forallt € [ty,t].

Proof.
@—AH%%+XZ;AHHB% (3.43)
el < JJA™ g, || + Zt; LAY Bl [|w| (3.44)
< w4+ 1D max | 3 T (349
< Ry Ty ||+ (1 - 7)‘1HD3$3§]!\wSII (3.46)
]

Lemma 3.A.3 (Strong stability under model mismatch). Suppose that a system
©:=(A, B,C) €S is controlled by the optimal policy of a model 0= (Z, B, 5) es.
The closed-loop dynamics is (k',~')—stable if dist(é, ©) < €yq Where
/ 4/{0\/HOH‘BK(I—LC)H / 3+ 7V
K = - —
1- 70v70 7 K 4

A (1= 7V)°
K,L )
16 k. VK,||BK(I — LC)||cg

, (3.47)

(3.48)

€stab = €

and cg > 0 is a problem-dependent polynomial constant.

€1, IS the maximum mismatch bound required to obtain first-order perturbation
bounds on K and L. Replace |BK(I — LC)|| with a constant independent of
models but only on S

Proof. use lemma D1, lemma D3, and Theorem J3

Tipy = Azy + Buy + wy (3.49)

yt - C$t + Ut
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Ut — _K(I - LC)/J:\ﬂt—l — KLyt (3.51)

v | | A-BKLC — —BEK(I-LC) w| |1 -BKL | |w,
Zwp| |(A-BK)LC (A—=BE)I—-LC)| |Zya| [0 (A-BK)L| |v,
kS =
(3.52)
Y| _ C 0 Ty N 0 I wy
u, ~KLC —K(I—LC)| |Zya 0 —KL| |v, (3.53)
) Y ’ X

Defining s, ==, — Ty,

Te| _ I 0 Axt 7 A$t _ I 0 Ty 7 (3.54)
St I —I Li|t—1 Li|t—1 I —I| s

—_— —_——
T T

2| [A—BK BK(I-1LC)] [2]| [I —BKL] [w,
= +
11 — j .
L et - (3.55)
Ye| _ C 0 X, N 0 I wy
Uy -K K(I-LC)| |s 0 —KL| |y
- \_ ~ 7 N 4
% x
0 BK(I - LC
T®T ' = (A- BK)® (A— FC) + ( 0 ) (3.56)

The direct sum (A — BK) @ (A — FC) is (2max(k,, k,), max(7.,7,))-stable
by Lemma [3.C.4] The remaining block matrix on the right-hand side has all its

eigenvalues at zero and its powers are exactly the zero matrices. Therefore, we claim

itis (21“%(1%0)” 1-max(77,) ) _stable.
7max(’\/c7’yo) ’ 2
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/ﬁ}* — 4maX(I{C’ K/O)HBK(I - LC)H , ,y* — ]‘ + max(767 /YO) (357)
1 - maX(’ym 70) 2

Therefore, the joint closed-loop dynamics of the underlying system together with its
optimal controller is (k,, 7, )-stable.

EL’\t+1|t(é) = (g_ Ef()([ - zé)/x\t\t—l(é) + (g_ EI?)L%

(3.58)
w, = —K(I — LC)%y,_1(8) — KLy, (3.59)
T A-BKLC  —-BK(I-LC) z I -BKL | |uw,
T S e N O £ e
H H
(3.60)
vl | C 0 X, N 0 I Wy
w| |-KLC —K(I—LO)| |Zya(©)| |0 —KL| |v, (3.61)
h ~~ g —
T Y
Defining §, = x;, — /fﬂt,l(é)
%t _ I 0 ) Ty 7 ) T | _ I 0 %t 6.6
S¢ I -1 $t|t—1(@) wt\tfl(@) I —I]|s
T

el et | 4 TE |
St+1 | St

: (3.63)
[yt — T :ft T Wy
Uy St Ut

d-d=3)+00 +00 (3.64)

) . —B(Ka—KLC)y)
A=

—Ap+BAK+ALCA

A(KLCx + KLAC—Ka(I-LC))
(Ap—BaK)(I—LC)—A(LCA+LAC)

(3.65)
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1Y ]| < 2| B(Ka—KLCy)||+2| Ax—BaK —ALC, |
+H||B(KLA+KAL)C||+||[(Aa—BAK)LC —ALAC||
< 2+ LCID | Aall+ QI+ K LI | Bal| +2(| AL + | BK L] Cal
+@+IZCIDIBINE A+ AN+ BEIDICI ] Lal
< cg) for A < eg,

where
cy) = 2+||LC||+2| K| + || KLC| +2(| AL||+|| BK L|))
+(24(LC|)||Bllexc + (Al + | BE ) Cll e
(I)(Q) _ B(KLA+KAL)CA —B(KLAC’A+KALCA+KALAC)
2 (Ap—BAK)LCA+ALACA+BAKx —(Ap—BAK)(LCA+LAC) = ALACA —BAK A (I — L
(3.66)

@R < 2| B(KLa+KaL)Call+2/[(Ax—BaK)LCA+ALACa+Ba K, |
+|BEALAC|| +[[(Aa —=BaK)LAC—BAKALC||
< 2[| BK[[[|ILaCAll+2( B[ LI KAl Call+2[ LI [ AallIC Al
2| KL BAllICAN+ 2 AN LaCA N 2| BAKAN+ I BICIE A LA
HICNAALA+I K NCTHIBall Ll +ILC| | BaK Al
< cg)AQ for A < g,

where
) = 2|| BK||ep+2|| BIl | Ll cx+2I| LI+ 2| K L|| +2]| Al 1
2+ || Bl [Cllexer+|Clles + | KIIC | en+ | LC]ex
o BEKALACA —BEALACA
A T

(Ap—BAK)LACA—BAKALC) —(Ap—BaK)LACA+BaKA(LCA+LAC)
(3.67)
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18D < 2|BEALACA|+2//(Ax—BaK)LaCa—BaKALCA|+ || BAKALAC|
< 2| B | KaLaCall +2 AsLaCall +2] K| BalllLACA
+2/| LY || BAKAICAI+ICI | BaK aLsll
< cg)A?’ for A < g,

where
g = 2| Bllexer+2e, 42| K ey +2| Ll ex+[[Cllescx
0 0
Y = (3.68)
_BAKALACA BAKALACA
|@W|| < 2|BAKALACA| (3.69)
< 2ciep A for A <egp (3.70)
< PAY for A < ey (3.71)
I~ 1 2 3 4
1@ — | <@V +|8%] + [8Y] + eV (3.72)
<A+ DA+ DA+ QAT for A< ey (3.73)
S C@A for A S EK,L (374)
where

Ce = Cg) + Cg)eK,L + C?%{,L + CEIZ)I)E%,L

For cg A < 12; Y we have that ® is (Ko 1Jr%)—stable by Lemma [3.A.1 Therefore,

]_ —
A < ey = min (GK,L, 7*) (3.75)
K

guarantees the desired result. |
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Lemma 3.A.4 (Precise Stability Statement of Lemma [3.4.1). Suppose that a system
O, €S is controlled by the optimal policy of a model Oc S for a duration of T > Q.
For 6 € (0,1), the closed-loop dynamics is bounded for allt < T as

2] < X, =, (3.76)
vl <Y, =, (3.77)
1Z4(O)]| < X, =, (3.78)
[uel| < Uy = O(y/1og(7/9)) (3.79)

with probability 1 — 6 whenever the model mismatch error is small as dis’c(é7 0,)<

I

s

€paad» Where
€pdd = (3.80)
Proof. The closed-loop dynamics is given as
vy | |A—~BKLC, —B,K(I-LC) n | ~B,KL
F4(©)|  [(A-BE)LC, (A-BE)(I-LO)| |241(®)] |0 (A-BE)L
H E]
Y| C, 0 Xy N 0 I wy
U/t _KEC* _[?(I_Za> Zt\t‘t—l (é) 0 _}?z Ut
Y —
' Y

Observe that for dist ((:j, 0, ) < €4, the closed-loop evolution matrix d is (k',~")—stable

by Lemma[3.A.3]

Denoting by A = E—A*, Bp = é—B*, Ch = 6’—0*, Ka ::[?—K*, L= Z—L*
the mismatch errors, we have the following perturbation results for closed-loop

dynamics.

3.B Proof of Theorem 3.4.2| (End-to-End Guarantee)
Lemma 3.B.1 (Bounded state in time-varying dynamics [32, Lem. 39]). Suppose
{A =5 € R™" are (k, ~y)-stable matrices for k > 1and~y € [0,1), and {B;}}Zy C

R™ ™ are bounded as maxy<;<;_, || B;|| < D for D > 0. For a fixed horizon T > 0,

Wy

Uy

|
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let {ti}ilzo C N such that 0 < ty, < --- < t; < T. Consider the following

time-varying linear dynamical system

Vi< I,Vtelt,ti), v = Ajx, + Baw,. (3.81)
Suppose further that
1
ro=min iy — ] = log(r/p) (3.82)
1<

~ log(1/7)
for p € (0,1). Then, we have that,

kDW
(I—=(1—

laoll < (s + 1) max (uxtou, p))  orallteftot],  (3.83)

where Wy == maXe(o,7] |-

strong stability of the closed-loop system (value of ) depends on the similarity
transformations. So this is not a well-defined property for a closed-loop system.

Consider defining an alternative strong stability constant for Markov parameters.

Theorem 3.B.2 (Precise End-to-End Guarantee of Theorem[3.4.2)). Fix a time horizon
T > T,,. Denote by (:)Z the model parameter obtained by TSPO at the beginning of
the i" epoch and by T, = 2'T,, the time passed until the beginning of the i epoch.
Foralli=0,1,...,|log(T/T,)| and § € (0, 1), the model mismatch error decays
with probability at least 1 — 0 as

dist(9,,0,) < O(T; /%) (3.84)

Moreover, (1, y,, Ty, u,) are bounded with high probability as in (3.27) throughout

the adaptive control phase.

Proof. 1. Long enough warm-up period 7}, to guarantee a small model mismatch
error (TS+RLS) at the end of the warm-up

2. Using the small model mismatch error by the end of the warm-up, guarantee
strong stability of the closed-loop, boundedness, and PE during the first epoch

3. By stability, boundedness, and PE during the first epoch, guarantee smaller model
mismatch error by the end of the first epoch.

4. Using the small model mismatch error by the end of the first epoch, guarantee
strong stability of the closed-loop, boundedness, and PE during the second epoch
5. Repeat the same argument for every epoch to obtain the strong stability of

closed-loop dynamics, boundedness, PE, and decaying model mismatch error rate
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3.C Technical Theorems
Theorem 3.C.1 (sub-Gaussian tail inequality). Let B € R"™"™ be a matrix and define
W := BTB. Suppose that w € R is a zero-mean sub-Gaussian random vector with

parameter o > 0, i.e.,
E [exp(Aw)] < exp(||A||*6®/2), forall X € R™. (3.85)

Forany § € (0,1), we have that

1 1
|Bulf < o <||W||1+2||W||2 1og(5)+2||wuoolog(5)> (.80

with probability at least 1 — 0.

Theorem 3.C.2 (sub-Gaussian tail inequality v2). Suppose that w € R" is a

zero-mean sub-Gaussian random vector with parameter o > 0, i.e.,
E [exp(ATw)] < exp(||A||?0?/2), forall X € R". (3.87)
Forany 6 € (0, 1), we have that

2n

|w|| < oq/2nlog (7) (3.88)

with probability at least 1 — 0.

Theorem 3.C.3 (independent sub-Gaussian vectors). Suppose that {w,};—, C R"
is a collection of T' > 0 independent and zero-mean sub-Gaussian random vectors

with parameter o > 0. For any § € (0,1), we have that

2nT
Wy = max llw, ]| < 0\/2n log (T) (3.89)
with probability at least 1 — 0.
Proof.
P <w . P <WwW 3.90
max gl < W L =T[ P {flwell <) (390
= (1 =P {Jlun| >W}H" (3.91)
> 1 =T P{[jw ] > W} (3.92)
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Lemma 3.C.4. Supposethat A, B € R"*" are (k 4,v4) and (k g, ) stable matrices.
Then, we have that

i. A+ Bis(kakp,Ya + 5)-stable,
ii. A® Bis(2max(ky,kp), max(va,vg))-stable.

Proposition 3.C.5 (Proper Transfer Functions). Let G : C — C™ be a matrix-
valued complex function such that the (i, j)th entry is a rational function with real
coefficients, i.e., G;; € R(2). G is proper ifand only if G(z) = C(zI — A)'B+D
for some A € R™" B € R C € R™", D € R™" Such a quadruple
(A, B,C, D) is called a realization of G with dimension n € N

Definition 3.C.6 (Minimal realization). Suppose G(z) is a proper transfer matrix. A
realization (A, B, C, D) of G with A € R"*" is called a minimal realization if and

only if there is no other realization with dimension no less than n.

Proposition 3.C.7. Suppose G(z) is a proper transfer matrix. A realization
(A, B,C,D) of G is minimal if and only if (A, B) is controllable and (A, C)

is observable.

Proposition 3.C.8. Suppose G(z) is a proper transfer matrix. The following

statement hold.

i. If (A, B,C, D) is a realization of G, then (TAT™', TB,CT ", D) is also a

realization for any invertible matrix (of appropriate size) T.

ii. G(2) is strictly proper if and only if D = 0.



Part 11

Distributionally Robust Optimization

105



106
Chapter 4

FINITE-HORIZON DISTRIBUTIONALLY ROBUST CONTROL

4.1 Introduction

Regret-optimal control [48]], [82], [161], [191]], [219], is a new approach in control
theory that focuses on minimizing the regret associated with control actions in
uncertain systems. The regret measures the cumulative difference between the
performance achieved by a causal control policy and the performance achieved by an
optimal policy that could have been chosen in hindsight. In regret-optimal control,

the worst-case regret over all /,-norm-bounded disturbance sequences is minimized.

Distributionally robust control [219]], [220], [247], [258]], on the other hand, addresses
uncertainty in system dynamics and disturbances by considering a set of plausible
probability distributions rather than relying on a single distribution as in LQG control,
or on a worst-case disturbance, such as in H_, or RO control. This approach seeks
to find control policies that perform well across all possible distributions within
the uncertainty set, thereby providing robustness against model uncertainties and
ensuring system performance in various scenarios. The size of the uncertainty set
allows one to control the amount of desired robustness so that, unlike H ., controllers,
say, the controller is not overly conservative. The uncertainty set is most often taken
to be the set of disturbances whose distributions are within a given Wasserstein-2
distance of the nominal disturbance distribution. The reason is that, for quadratic
costs, the supremum of the expected cost over a Wasserstein ball reduces to a tractable

semi-definite program (SDP).

The current paper considers and extends the framework introduced in [219] that
applied distributionally robust (DR) control to the regret-optimal (RO) setting. In
the full-information finite-horizon setting, the authors of [219] reduce the DR-RO
problem to a tractable SDP. In this paper, we extend the results of [219]] to partially
observable systems where, unlike the full-information setting, the controller does
not have access to the system state. Instead, it only has access to partial information
obtained through noisy measurements. This is often called the measurement feedback
(MF) problem. Of course, the solution to the measurement feedback problem in
LQG and H, control is classical. The measurement-feedback setting for DR control
has been studied in [220], [93]], and for RO control in [81]].
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In the finite-horizon case, we reduce the DR-RO control problem with measurement
feedback to an SDP similar to the full-information case studied in [219]]. Furthermore,
we validate the effectiveness and performance of our approach through simulations,

showcasing its applicability in real-world control systems.

The organization of the paper is as follows. In section 4.2 we review the LQG
and regret optimal control formulation in the measurement-feedback setting. In
section[4.3] we present the distributionally robust regret-optimal with measurement
feedback (DR-RO-MF) problem formulation, in section we reformulate the
problem as a tractable SDP, and in section @] we show numerical results for
controlling the flight of a Boeing 747 [[114].

4.2 Preliminaries

Notations

R denotes the set of real numbers, N is the set of natural numbers, || - || is the 2-norm,
[ is the expectation over (-), M(-) is the set of probability distributions over (-)

and Tr denotes the trace.

A Linear Dynamical System
We consider the following state-space model of a discrete-time, linear time-invariant
(LTT) dynamical system:

Ty = Axy + Buy + wy, @1

y, = Czy + v,

Here, x, € R" represents the state of the system, v, € R™ is the control input,
w, € R"™ is the process noise, while y, € R” represents the noisy state measurements
that the controller has access to, and v; € R” is the measurement noise. The
sequences {w;} and {v;} are considered to be randomly distributed according to an
unknown joint probability measure P which lies in a specified compact ambiguity

set, P. For simplicity, we take x to be zero.

In the rest of this paper, we adopt an operator form representation of the system

dynamics (4.1). To this end, assume a horizon of N € N, and let us define

Zo Ug

T Uy
x = ' ceRY | wi= ) e RV™
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and similarly for y € R™"?, w € RV", and v € R™?. Using these definitions, we can

represent the system dynamics (4.1]) equivalently in operator form as
r = Fu+ Guw,
4.2)
y=Ju+ Lw+v,

where F' € RV V™ G e RNWN? e RVP*N™ and L € RYPM™ are strictly
causal time-invariant operators (i.e, strictly lower triangular block Toeplitz matrices)
corresponding to the dynamics (#.T)).

We consider the Linear-Quadratic Gaussian (LQG) cost given as
J(u,w,v) = 2" Qx +u" Ru (4.3)

where (), R > 0 are positive definite matrices of the appropriate dimensions. In
order to simplify the notation, we redefine x and u as z < Q%x, and u < R%u, SO
that (4.3)) becomes

J(u,w,v) = ||z]|* + [Ju]®. (4.4)

Controller Design

We consider a linear controller that has only access to the measurements:
u= Ky, KEeLK, 4.5)

where K C RY™M? is the space of causal (i.e., lower triangular) matrices. Then,

the closed-loop state measurement becomes
y=(I—JK) ' (Lw+v). (4.6)
Asin [81]], let
E=K(I-JK)", 4.7)
be the Youla parametrization, so that
K=(I+EJ)E. (4.8)
The closed-loop LQG cost can then be written as:

w

T(K,w,v) = [wT UT} 7 |1 (4.9)

v
where T} is the transfer operator associated with K that maps the disturbance
x .
L

FEL+G FE
EL E

w
sequences
(%

] to the state and control sequences

K —

(4.10)
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Regret-Optimal Control with Measurement-Feedback

Given a noncausal controller K, € K, we define the regret as:
R(K,’LU,’U) = J(K,'LU,’U) - ‘]<K0awav)7 (411)

= ’LUT UT:| (T[’I(WTK — T;OTKO> v

w
] , (4.12)

which measures the excess cost that a causal controller suffers by not knowing the
future. In other terms, regret is the difference between the cost accumulated by a
causal controller and the cost accumulated by a benchmark noncausal controller that
knows the complete disturbance trajectory. The problem of minimizing regret in the
measurement-feedback setting is referred to as (RO-MF) and is formulated as:

R(K,w,v)

I

(4.13)

inf sup
Kex wo [[w]® + v

which is solved suboptimally by reducing it to a level-1 suboptimal Nehari problem
[81].

4.3 Distributionally Robust Regret-Optimal Control
In this section, we introduce the distributionally robust regret-optimal (DR-RO)
control problem with measurement feedback, which we refer to as DR-RO-MF.

In this setting, the objective is to find a controller /X' € K that minimizes the maximum
expected regret among all joint probability distributions of the disturbances in an

ambiguity set P. This can be formulated formally as

inf sup Ep[R(K, w,v)], (4.14)

KeKk pPeP

w
where the disturbances [ ] are distributed according to P €P.
v

To solve this problem, we first need to characterize the ambiguity set P and explicitly
determine a benchmark noncausal controller K. As in [219]], we choose P to be the
set of probability distributions that are at a distance of at most > ( to a nominal
probability distribution, Py € M(RY™?)). Here, the distance is chosen to be the
type-2 Wasserstein distance defined as [[197]:

W2(PLPy) = inf / 22— 2|2 w(dzr, ),
R™"xR"

m€ll(Py,P;)
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where the set I[1(P;, P,) comprises all joint distributions that have marginal distribu-

tions P, and P,. Then, P can be written as:

P = {P e MR | W,(P,, P) < r}. (4.15)

Unlike the full-information case, we know from Theorem 1 in [[81]] that in the
measurement feedback case, there is no optimal noncausal controller that dominates
every other controller for every disturbance. Therefore, we will choose K, as the
optimal noncausal controller that minimizes the Frobenius norm of 7. Theorem 3

in [81]] shows that such a controller can be found as:
Ky = (I+ EyJ) 'E,, (4.16)

where the associated operator, T is:

FE,L+G FE
Ty = ol o1, (4.17)
0 E,L E,
with
E,=-T'F'cL™v, (4.18)
T=I1+F"F (4.19)
U=I+LL". (4.20)

4.4 Tractable Formulation

In this section, we introduce a tractable reformulation of the DR-RO-MF control

problem (4.14).

DR-RO-MF Control Problem
Defining
Cx = TiTx — Tic, Tk, (4.21)

we can rewrite the DR-RO-MF control problem (#.14) as

[wT UT] Cx m] . (4.22)

The following theorem gives the dual problem of inner maximization and characterizes

inf sup Ep
KeK PeP

the worst-case distribution.



111
Theorem 4.4.1. [adapted from Theorems 2 and 3 in [219]]. Suppose P, is absolutely

. . w
continuous with respect to the Lebesgue measure on R and 0~ Py. The
Yo

W "] e m ] (4.23)

where || ~ P and Cr € SN pith X, (Ci) # 0, has a finite solution and is
v

equivalent to the convex optimization problem:

optimization problem:

sup Ep
PeP

inf y(r® — Tr(My)) + > Te(Mo(yI — Ci) ™), (4.24)
5

w
where M, = E P, [wT UTi| . Furthermore, the disturbance that achieves
v

the worst-case regret is w* ~ P*, where w* = (v —C)7! [w0] , and v*
v v o
is the optimal solution of , which also satisfies the algebraic equation:
Tr((y(yI — Cx) ™" = 1)>M,) = r? (4.25)

Proof. The proof follows from Theorems 2 and 3 in [219]] and is omitted for brevity
here. u

We highlight two remarks pertaining to the presented theorem.

Remark 1: Notice that the supremum of the quadratic cost depends on F,, only though
its covariance matrix M. Note further that as » — oo, the optimal  reaches its
smallest possible value (since > multiplies ~ in (4.24))). The smallest possible value
that -y can take is simply the operator norm of Cj, which means that the DR-RO-MF

controller approaches the regret-optimal controller as 7 — oo.

Remark 2: Notice that the worst-case disturbance takes on a Gaussian distribution
when the nominal disturbance is Gaussian. This is not immediately evident as the
ambiguity set P contains non-Gaussian distributions. Note further that the worst-case

disturbance is correlated even if the nominal distribution has white noise.

Assuming the covariance of the nominal distribution to be

My =Ep, 7“:] [wT UT}] — 1. (4.26)
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so that Tr(M,) = N(n+p), the optimization problem (#.22)) can be cast equivalently
using Theorem 4.4.T] as

inf inf y(r® = N(n+p)) +~*Tr((] = Cx)™")

Kek~>0
e 4.27)
s.t.
T T
CK — TKTK - TKOTKO
As in [81]], define the unitary matrices ¥ and O:
sz o |[1 -F]
O = 4.28
o T |FT T (*28)
1 L) [v: -0
U= ) (4.29)
—L 1 0 U™z
where T and U are as in (4.19) and (4.20)), and
S=I+FF" (4.30)
V=I+L"L (4.31)

and S %, T%, U %, and V% are (block) lower triangular matrices, such that S = S %S %,
T = T%T%, U = U%U%, V = V%V%. Then, the optimization problem (4.27) is
equivalent to:
nf Y = N(n+p)) +~*Tr((vI — Cx) ™)
S )

720,

= (4.32)
st { Cx = (0T W) OT)W — (OT), ¥)" O, ¥

which holds true since trace is invariant under unitary © and V. By introducing
an auxiliary variable X > 72(71 -C K)_l and leveraging the Schur complement
theorem as in [219], the problem (4.32) can be recast as

inf (r* — N(n+p)) + Tr(X)

KekK,
720,
X>0
(
X ~vI
| =0 (4.33)
I ~I-C

s.t. < g 7 K

")/I — CK =0

Cr=(0T( V)" OT( T — (0T, T) OTy, U



113

In the following lemma, we establish some of the important identities that are utilized

to convert problem (4.33) to a tractable convex program.

Lemma 4.4.2. [adapted from [81|]]]. The following statements hold:

1.
_ NI -PZ
[—Cx = 4.34
Lt B2 ) (454)
where
Z=T:EU? - W (4.35)
T 7 Tyr—L
W=-T2F'GLTU > (4.36)
_r T _1
P=V :G'FT > (4.37)
and E, T, U and V are as defined in 4.19) 4.20)and 4.3 1| respectively.
2. N —=Cx=0& Y —W__ |, <1 (4.38)
where
Y +y7PPTP = MM, (4.39)
1
M, = (7‘11 v W‘QPTP) : (4.40)
W, = MW (4.41)
Y = M,T*EU? =W, (4.42)

and W, and W_ , are the causal and strictly anticausal parts of W.,. Here,

M., is lower triangular, and positive-definite.

3. Y is causal iff E is causal, where E can be found as follows:

E=T MY (Y +W, U (4.43)

4. The condition in {#.38) is recognized as a level-1 suboptimal Nehari problem

that approximates a strictly anticausal matrix W_ , by a causal matrix Y.

Proof. The proof follows from Theorem 4 in [81]] and is omitted for brevity here. W
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Using Lemma4.4.2] problem (4.33)) can be reformulated as a tractable optimization

program:

inf y(r* — N(n +p)) + Tr(X)
Z, Y€K,

~7=>0,
X>0
X1 Xio vI 0
X x 0 I (4.44)
12 22 Y =0
s.t. ~I 0 ~I —-PZ
0 ~I —-Z'"P" ~Ny1-2"Z
HY - Wi,'yHQ S 1
= inf ~(® = N(n+p)) + Tr(X)
ZYEK,
720,
X>0
X, Xp v 0 0
XL X 0 I 0
12 22 i (4.45)
) ~I 0 ~I -PZ 0| =0
S.t.
0 ~I —-Z'P" 41 ZT
0 0 0 Z 1
Y -=w_,[; <1

where the last step follows from the Schur complement. Using (4.35)), (4.43)), and
H,=M'W_, -W (4.46)

we establish our main theorem.

Theorem 4.4.3 (Tractable Formulation of DR-RO-MF). The distributionally robust
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regret-optimal control problem in the measurement feedback setting (&.14) reads:

inf v(r* — N(n +p)) + Tr(X)

YeKX,
720,
X>0
X, Xp ~I 0 0
XL Xy 0 v 0
I 0 I _Pp 0 | =0
7 7 (*) (4.47)
0 I —(x"P" I (7
S.1.
0 0 0 (%) I
() = M;'Y + H,
I Yy —w_ )7t
( ) -
Y —W_, I
L | :

The optimal controller K™ is then obtained using and (@.43)).

Sub-Optimal Problem

For a given value of ~, problem (4.47) can be simplified into a tractable SDP. In
practical implementations, we can solve problem by optimizing the objective
function with respect to the variables Y and X while fixing v, thus transforming
the problem into an SDP, which can be solved using standard convex optimization
packages. We then iteratively refine the value of  until it converges to the optimal
solution ~*. This iterative process ensures that we obtain the best possible value for

~ that minimizes the objective function in problem (4.47).

LQG and RO-MF Control Problems as Special Cases

Interestingly, LQG and RO control in the measurement feedback setting can be
recovered from the DR-RO-MF control by varying the radius » which represents
the extent of uncertainty regarding the accuracy of the nominal distribution in
the ambiguity set. When » — 0, the ambiguity set transforms into a singular set
comprising solely the nominal distribution. Consequently, the problem simplifies

into a stochastic optimal control problem under partial observability:

inf Ep, [J(K,w,v)] (4.48)
KeK

As r — 00, the ambiguity set transforms into the set of any disturbance generated

adversarially and the optimal 7 reaches its smallest possible value which is the
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operator norm of Cy. This means that the problem reduces to the RO-MF control

problem which we discussed in section 4.2

4.5 Simulations

Flight Control

We focus on the problem of controlling the longitudinal flight of a Boeing 747 which
pertains to the linearized dynamics of the aircraft, as presented in [114]]. The linear
dynamical system provided describes the aircraft’s dynamics during level flight at an
altitude of 7.57 miles and a speed of 593 miles per hour, with a discretization interval
of 0.1 second. The state variables of the system encompass the aircraft’s velocity
along the body axis, velocity perpendicular to the body axis, angle between the body
axis and the horizontal plane, and angular velocity. The inputs to the system are
the elevator angle and thrust. The process noise accounts for variations caused by

external wind conditions. The discrete-time state space model is:

[ 0.9801  0.0003 —0.0980 0.0038
L |70.3868  0.9071  0.0471  —0.0008
"1 01591 —0.0015 0.9691  0.0003
| -0.0198 0.0958  0.0021  1.000
[—0.0001  0.0058
0.0206  0.0153 1
5 o 00 o]
0.0012  —0.0908 000 1
0.0015  0.0008

We conduct all experiments using MATLAB, on a PC with an Intel Core i7-1065G7
processor and 16 GB of RAM. The optimization problems are solved using the CVX
package [84]].

We limit the horizon to N = 10. We take the nominal distribution F, to be Gaussian
with mean p, = 0 and covariance ¥, = I, and we investigate various values for the

radius r, specifically:

r € {0,0.2,0.4,0.6,0.8,1,1.5,2,4,8,16,32,126}.

For each value of r, we solve the sub-optimal problem described in section 4.4

. . . *
iterating over y until convergence to y".

To assess the performance of the controller, we compute the worst-case disturbance,
which lies at a Wasserstein distance r from F, as discussed in theorem Finally,
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Figure 4.1: Controller costs for r € 0,0.2,0.4,0.6,0.8,1, 1.5, 2, 4.

At r = 0, the top-performing controllers are DR-RO-MF and LQG, exhibiting regret
costs of 5.4. They are followed by H., with a regret cost of 5.9, and finally RO-MF
with a regret cost of 13.8. The ranking of the controllers based on regret costs is:
DR-RO-MF=LQG=5.34 < H,=5.47 < RO-MF=13.8.

As r increases to 4, DR-RO-MF remains the best-performing controller with a regret
of 141. It is followed by RO-MF with a regret of 144, H__ with a regret of 154, and
finally H2 with a regret of 156. The ranking of the controllers at » = 4 based on
regret costs is: DR-RO-MF=141 < RO-MF=144 < H_ =154 < LQG=156.

8.3x10*

5.7x10°

Regret Cost

1.5x10°

4.4x10?

1.4x102

48 16 32 126
r

Figure 4.2: Controller costs for r € 4, 8,16, 32, 126.

At r = 8§, the best-performing controller is DR-RO-MF with a regret of 437, which is
closely comparable to the regret of the RO-MF controller of 438. They are followed
by H,, with a regret of 499, and finally H2 with a regret of 505. The ranking of
controllers based on regret costs is as follows: DR-RO-MF=437 < RO-MF=438 <
H_ =499 < LQG=505.

When 7 increases to 126, which approximates the behavior of r approaching infinity,
the order of the best-performing controllers remains unchanged: DR-RO-MF=RO-
MF=8.33 x 10* < H,_=9.50 x 10* < LQG=9.57 x 10*. DR-RO-MF and RO-MF
controllers exhibit similar performance in this regime.

we compare the regret cost of the DR-RO-MF controller with that of the LQG,
H_ [101], and RO-MF [81] controllers while considering the worst-case disturbance

corresponding to the DR-RO-MF controller. The results are shown in Figures §.1]
and 4.2
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The DR-RO-MF controller achieves the minimum cost under worst-case disturbance
conditions for any given value of . When r is sufficiently small (less than 0.2), the
cost of the DR-RO-MF controller closely approximates that of the LQG controller
(figure[d.1I). Conversely, for sufficiently large values of r (greater than 8), the cost of
the DR-RO-MF controller closely matches that of the RO-MF controller (figure 4.2)).
These observations align with theoretical findings as elaborated in section .4

Furthermore, it is worth noting that for large values of r (figure 4.2)), the LQG
controller yields the poorest results. Conversely, for small values of r (figure @.T]),
the LQG controller performs on par with the DR-RO-MF controller, emerging
as the best choice, as mentioned earlier. This discrepancy is expected since LQG
control accounts only for disturbances drawn from the nominal distribution, assuming
uncorrelated noise. On the other hand, RO-MF exhibits inferior performance when r
is small (figure[d.1)), but gradually becomes the top-performing controller alongside
DR-RO-MF as r increases. This behavior arises from the fact that RO-MF is
specifically designed for sufficiently large r. Lastly, note that the H_, cost lies

between the costs of the other controllers, interpolating their respective costs.

Performance Under Adversarially Chosen Distribution
For any given causal controller K, an adversary can choose the worst-case distribution

g PePpP ( C’w’v) c) ( )

where R is the regret as in (4.11)). Denoting by Kpgr.ro.mr the optimal DR-RO-MF
controller and by Ppr.ro.mr the worst-case (adversarial) distribution corresponding

to KDR—RO—MF’ we have that

Ep R(K., w,v) = r}rglangR(Kc, w,v), (4.50)
¢ S
S

> minmax EpR(K, w, v), 4.51)

= EPDR_RO_MFR(KDR-RO-MFa w,v), (4.52)

> Ep R(Kprro-mr; W, V), (4.53)

where the first equality follows from (4.49) and the last inequality is due to the fact that
Ppr.ro-mr 18 the worst-case distribution for Kpg gro.mp- In other words, DR-RO-MF
controller is robust to adversarial changes in distribution as it yields smaller expected
regret compared to any other causal controller K. when the disturbances are sampled

from the worst-case distribution P, corresponding to /.
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| r 02 [ 1 | 2 | 4 |16 32 |
LQG(%) [/ 0.860 | 8.17 | 14.8 [21.9 [ 28.5| 29.3
RO-MF (%) [| 56.6 | 43.0 [ 323 | 17.2 [ 1.95 [ 0.465

Table 4.1: Relative difference in % (as in (4.57)) between the expected regret of
LQG/RO-MF and of DR-RO-MF controllers, under the worst-case disturbance of
LQG/RO-MEF, respectively, as in for different values of r

The simulation results presented in Subsection4.5|show that DR-RO-MF outperforms
RO-MF, H_, and LQG (designed assuming disturbances are sampled from F;)
controllers under the worst-case distribution of the DR-RO-MF controller Py ro-mr»

i.e

R(K,,w,v) > EPDR_RO_MFR(KDR-RO—MF7 w,v). (4.54)

A DR-RO-MF

This directly implies that the theoretically expected inequality
Ep R(K.,w,v) > Ep R(Kprro-mr, W, ) (4.55)
is validated and positively exceeded following the inequalities (4.53)) and

Ep R(K,,w,v) > Ep _ R(K.w,v). (4.56)

To further support our claims, we assess the performance of LQG and RO-MF
controllers by measuring the relative reduction in expected regret when DR-RO-MF
controller is utilized under the worst-case distributions corresponding to LQG and

RO-MF controllers, respectively:

EPCR(Kca w,v) — ]EPCR(KDR—RO—MFa w, v)
Ep R(K.,w,v)

x 100, (4.57)

where K. is either LQG or RO-MF controller and P, is the corresponding worst-case
distribution. The results are shown in Tabled.1]for r € {0.2, 1,2, 4, 16, 32}.

Limitations

In our scenario with a relatively short planning horizon of N = 10, the cost reduction
achieved by employing DR-RO-MF control, in comparison to traditional controllers
such as LQG and H_, is moderate. However, it is anticipated that this reduction
would become more pronounced with the utilization of a longer planning horizon.
Unfortunately, in our experimental setup, we were restricted to using N = 10 due to

computational limitations. Solving semi-definite programs involving large matrices
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is computationally inefficient, necessitating this constraint. In practice, this limitation
can be overcome by implementing the controller in a receding horizon fashion, where

the controller is updated every x time steps.

4.6 Conclusion

In conclusion, this paper extended the distributionally robust approach to regret-
optimal control by incorporating the Wasserstein-2 distance [219]] to handle cases of
limited observability. The proposed DR-RO-MF controller demonstrated superior
performance compared to classical controllers such as LQG and H, as well as the
RO-MF controller, in simulations of flight control scenarios. The controller exhibits
a unique interpolation behavior between LQG and RO-MF, determined by the radius
r that quantifies the uncertainty in the accuracy of the nominal distribution. As the
time horizon increases, solving the tractable SDP to which the solution reduces,
becomes more challenging, highlighting the practical need for a model predictive
control approach. Overall, the extended distributionally robust approach presented
in this paper holds promise for robust and effective control in systems with limited

observability.
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Chapter 5

FINITE-HORIZON DISTRIBUTIONALLY ROBUST KALMAN
FILTERING

5.1 Problem Setup
In this section, we formulate the distributionally robust filtering problem for both
finite and infinite horizon settings. To this end, consider the following state-space
model:
Ty = Ary + By,
Y = Cywy + vy, (5.1)

St = Csl'ta

At time ¢ € N, let z; € R% denote the unobserved latent state, Yy € R% the
measurement, s, € R% the unobserved target signal to be estimated, w, € R
the process noise, and v, € R% the measurement noise. The combined process-
measurement noise sequence constitutes the exogenous disturbance. The setup
presented above is quite general and widely adopted in the estimation and filtering
literature [[101], [120]]. The usual state estimation problem is a specific instance of
this setup with C;=I. Moreover, we assume that (A, ) and (A4, C,) are detectable
and (A, B) is controllable.

We take a global view of the dynamics (5.1]) by treating the entire signal trajectories
over a fixed time horizon 7" > 0 as large column vectors. Concretely, we define

the measurements vector y = [yo; ¥1;- - ; Yra] € R™%, the target signal vector

S 1= [50: 515 . .3 571 € RT®, the process noise vector Wy i= [o; W; . . . ; Wy o] €
-1 . T .

REAHT 1w , and the measurement noise vector vy :=[vg; vy; . . .; vy ] ER v, Notice

that the initial state x is considered unknown and included in the vector of process
noise, wy, for convenience. With the prevailing notation, the state-space dynamics
can be represented compactly as a causal linear measurement model:

yr = Hrwr + vy

’ (5.2)

sp = Lowr,
where H and L are both block causal (i.e., block lower-triangular) matrices. These
matrices can be constructed easily from the state-space parameters (A4, B, C,, C,,)

(see ??). This representation is quite general and can be extended immediately for
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time-varying state-space models with appropriately constructed matrices H, and

L.

Letting the stacked column vector & = [wy;vy] € 21 denote the combined

. —_ -1 T
disturbances where =, = R%&HTDduw+Td,

, the disturbances &, are distributed
according to an unknown distribution P € &2,(=). Note that the disturbances can
be arbitrarily correlated in general. Wlog, we will assume & to be zero-mean for

convenience. Our main assumption for P is as follows:

Assumption 5.1.1. The true distribution P of disturbances & resides in a W,-ball,

WPy, pr) = {Pr € P(Zr) | Wa(Pr, Por) < pr}, (5.3)

where pp >0 is a specified radius and P € &2,(Z;) is a given nominal disturbance
distribution.

Remark 5.1.2. Although the state-space parameters (A, B, C,, C;) are assumed to
be known perfectly, uncertainty in them can be incorporated into the disturbances

without loss of generality.

The Finite-Horizon Distributionally Robust Filtering

A filtering policy mp = {m, | t=0, ..., T—1} is a sequence of mappings that generate
estimates 5, of s, from the past and present measurement as S; = m,(Y;, Ys—1, - - - Yo)-
In particular, we focus on linear filtering policies K : yp +— Spsuchthats, = Kpyp
where S = [5(; S;; . ..; Sr] is the the column vector of estimates. We denote the

class of all such policies by %7, defined as
Hp = {ICT e RT4:xTdy | ICr is block lower—triangular} . (5.4)

The restriction to linear filters is a common strategy in estimation literature, as
general nonlinear estimators can be challenging to compute [[120]. Additionally,
linear filters are optimal for Gaussian processes. In Theorem [5.2.1] we establish the

optimality of linear filters when the nominal is Gaussian.

For a filtering policy Kr, let e (&, Kr) = 8; — sp = T Kp&p be the estimation

error where Ty . : & — e is the error transfer operator defined as
T, = |KeHy — Lo Kr|- (5.5)

Given that the true distribution of disturbances is unknown, we focus on minimizing

the worst-case mean-squared error (MSE) across all distributions within the ambiguity
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set #p(Pr, pr), namely,
Er(Kr, pr) = sup EIPT [HeT(fTa Kr) HQ] . (5.6)
Pre#r(Pr.pr)
where Ip, . denotes the expectation under the distribution IP;. We state the distribu-

tionally robust Kalman filtering problem for the finite-horizon setting as follows:

Problem 5.1.3 (W,-DR-KF over a finite-horizon). For a given time-horizon 7" >0
and a radius p; > 0, find a casual filtering policy, K € J#7, that minimizes the
worst-case MSE defined in (5.6)), i.e.,
inf Ep(Kp,pr) = inf sup  Ep, [ler(ér, Kp)lP] - (5.7)
Kredr Kredr Prety(Pr,pr)
Remark 5.1.4. The causality constraint on the estimates Sy is crucial for filtering.
Without causality enforced, Problem[5.1.3essentially reduces to a standard estimation

problem as the nominal non-causal estimator is optimal for any pr >0 (Lemmal[5.2.3).

5.2 Tractable Convex Reormulation

In this section, we provide tractable formulations for the finite horizon W,-DR-KF
problem. In Theorem we present an SDP formulation for the finite-horizon
problem [5.1.3] We also characterize the optimal estimator and the worst-case
distribution. The proofs of the theorems presented in this section are deferred to the

Appendix.

Before proceeding with the main theorems, we present a minimax theorem establish-

ing the optimality of linear filtering policies for Gaussian nominal distributions.

Theorem 5.2.1 (Minimax duality). Let T'> 0 be a fixed horizon and 111 be the class
of non-linear causal estimators. Suppose that the nominal P7. is Gaussian. Then,

the following holds:

inf sup Ep, [HeT(ETﬂTT)HQ} = sup inf Ep, [||9T(£Ta7rT)||2] ,
€y Predy (Pr,pr) Pr Wy (Pr,pr) Tr€llr
(5.8)

Moreover, (5.8) admits a saddle point (77, PT) such that the worst-case distribution

P’ is Gaussian and the optimal causal filter 77 is linear, i.e., 75 € 7.

For simplicity and clarity, we make the following assumption for the remainder of

this paper.

Assumption 5.2.2. The nominal disturbances are uncorrelated, i.e., ope. [Er€T] = Zr
for any 7'> 0.
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An SDP for the Finite-Horizon Filtering
In this section, we state the SDP formulation of Problem for a fixed horizon
T > 0. To this end, we first state the following lemma identifying the optimal

non-causal estimator.

Lemma 5.2.3. Under the Assumption K3 & LoH(Tr+HoHy) " is the
unique, optimal, non-causal estimator minimizing the worst-case MSE in (5.6) for

any pp > 0.

This result highlights the triviality of non-causal estimation as opposed to causal
estimation. In Theorem [5.2.4] we demonstrate that the finite-horizon W,-DR-KF
problem [5.1.3|reduces to an SDP.

Theorem 5.2.4 (An SDP formulation for finite-horizon W,-DR-KF). Let the horizon
1> 0 be fixed and denote Ty, 7on =L (Tp+HHy ) L. Then, the Problemm
reduces to the following SDP

Xr YLy 0
. 122 Y(p3—Tr(Zp) HTr(Xy) st.  |[vIp VLp—Tics. Tics, Kr—Kr = 0.
yzo,TXTe?s?ids 0 (Kp=K3)" (Zr+HrH7)™
Moreover, the worst-case disturbance €. can be identified from the nominal distur-

bances &7 as
&r = (Tr — % T Ty ) €7, (5.9)

where v, >0 and K are the optimal solutions.

Remark 5.2.5. As pr — 00, the ambiguity set covers all bounded energy disturbances,
and the optimal W,-DR-KF policy, K7, recovers the .7, -filter. Conversely, as
pr — 0, the ambiguity set reduces to the singleton P, and K7 recovers the Kalman
filter. Thus, adjusting p allows the DR filter to interpolate between the conservative
. -filter and the nominal Kalman filter.

Notice that the variable dimension of the SDP in Theorem [53.2.4] scales with the

horizon 7', which can be prohibitive for practical implementation for longer horizons.

Corollary 5.2.6. The time complexity of interior-point method for solving the SDP
in Theorem with accuracy € > 0 is 5(max(dy, d,)® T%log(1/€)).
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Chapter 6

DISTRIBUTIONALLY ROBUST APPROACH TO SHANNON
LIMITS

6.1 Introduction

Literature context

Rapid technological advancements in recent years have spurred a significant increase
in data production and usage. Major technological forces driving this data era
include 5G/6G, the Internet of Things, machine learning, and autonomous vehicles.
Core to these technologies are compression and reconstruction algorithms, which
provide essential means for data storage and transmission. For example, video
streaming services require efficient data compression, yet the source distribution
can vary greatly. Similarly, autonomous vehicles depend on sensor data, which
is prone to distributional shifts that can lead to critical errors if not adequately
addressed. In machine learning, models are often trained on a dataset that has
undergone compression and decompression. These applications underscore the need
for compression and error correction schemes that are resilient to distributional

changes.

Variable-length universal codes that adapt their encoding rate to the source / noise
distribution they observe have been a topic of longstanding interest in the information
theory community. Perhaps the most famous of these is the Lempel-Ziv family of
lossless codes [236], [262], [263] that learn the source distribution on the fly, while
asymptotically achieving the entropy rate of the source. Lempel-Ziv codes have also
been extended to apply to lossy compression [245]], [246]. An approach to universal
lossy compression that utilizes Markov chain Monte Carlo with the reconstruction
alphabet changing over time is proposed in [[13]] (continuous sources),[|118]] (finite
alphabet sources). Variable-rate universal codes for channel coding are presented in
[27], [541], [155]], [209], [221]].

The idea that enables the aforementioned coding strategies [13]], [27], [54], [118]],
[155], [209], [221]], [236], [245], [246]], [262], [263] is that of variable-length coding,
i.e., the length of the codeword being transmitted is adapted to the data that is
being seen. However, many physical systems and much of coding theory require

all codewords to be of the same length. In that scenario, the relevant figure of
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merit is the worst-case performance over a family of source / noise distributions,
known as compound rate-distortion function / channel capacity-cost function, and
the corresponding asymptotic fundamental limits are given by minimax convex
optimization problems [[195], [22]]. In the context of compression, [194] considers the
distributional class of stationary random processes with bounded 4™ order moment,
whereas [[183]] examines a class of sources determined by spectral capacities. In the
context of error correction, [23] extends the compound channel capacity formula of
[22] to random coding, to arbitrarily varying channels (AVCs), and to adversarial
channels, [190] shows the worst-case capacity of a class of arbitrarily varying
Gaussian channels, and [[73]] studies compound capacity of broadcast channels; see
[142] for a survey.

In this work, we employ Wasserstein-2 (W,) distance as the measure of distributional
shifts from a nominal distribution to define a distributional family. The W,-distance
between distributions P;, P, on R? is defined as [231]
1
2
W, (P, Py) = ( inf E [HX—YHZ}) , (6.1)
Pxy €ll(Py,Py)

where II( P, P,) denotes the set of all joint distributions with marginals P, and P,.

In contrast to other commonly used statistical distances such as total-variation distance,
Kullback—Leibler divergence, Hellinger distance, the W,-distance incorporates
information from the geometric structure of the underlying domain, making it more
suitable for handling structured real-world data. Furthermore, the W,-distance
accounts for the cost of transporting mass from one probability distribution to another.
This makes the W,-distance a particularly suitable tool for quantifying robustness
in communication systems, as it reflects the potential impact of variations in signal
distributions on the fidelity of communication. For instance, in scenarios where small
perturbations in a signal could lead to disproportionately large errors, the W,-distance
provides a measure of how these perturbations affect system performance. This
makes it a natural choice for modeling scenarios where the goal is to maintain high
fidelity in the presence of uncertain or varying signal distributions, thereby enhancing
the reliability and efficiency of communication systems under distributionally robust

frameworks.

Owing to its geometric interpretability and tractable formulation, W,-distance has
recently gained popularity as a statistical distance in diverse fields such as control
[125]], filtering [203]], and machine learning [134]. In [219], a controller that
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minimizes the worst-case regret across all disturbance distributions within a W,-
ambiguity set is proposed. The controller’s parameters are obtained via a solution to
a semi-definite program (SDP), which is formulated leveraging the tractability of
W,-distance. Unlike prior robust control approaches, such as H_ [101]], where the
controller is designed to minimize worst-case cost against an adversarially generated
disturbance, and regret-optimal control [80], where the controller is designed to
minimize the regret with respect to a hypothetical optimal noncausal controller, the
controller in [219] is designed to attain the desired level of robustness via adjusting
the size of the ambiguity set. Additionally, [219] demonstrates that the worst-case
disturbance follows a Gaussian distribution if the nominal distribution is Gaussian.
Subsequent contributions [89] and [125] extend the framework in [219] to control
scenarios involving measurement noise and infinite horizon, respectively. In the
domain of lossy source coding, [144] trains a deep neural network compressor that
achieves distributional robustness by incorporating W, transportation cost into the
optimization problem. The W,-distance has also been used to measure the perceptual
quality of the decompressed message [26] using what is called the Rate-Distortion-
Perception (RDP) function. The work [202]] characterizes the analytical bounds for
the Gaussian RDP function.

Contributions

We investigate the minimax rate-distortion function (RDF) formulated in [195]] and
the minimax capacity formulated in [22]] for an unknown source / noise distribution
residing within a W,-ambiguity set centered at a given nominal distribution. In
the case of source compression, we assume that the source distributions in the
ambiguity set have a finite 2+ e-th moment for an arbitrarily small € > 0. The
finiteness of (24 ¢)-th moment is a common assumption on the source distributions

in rate-distortion theory to control the growth of the mean square error distortion
(see [182, Sec. 23.3]).

In the case of a Gaussian nominal source distribution, we show that the worst-case
source / noise distribution in the W, ambiguity set is also Gaussian. To do so, we
leverage the Gelbrich bound [78, Thm. 2.1] on the W, distance and the Gaussian
saddle point properties of mutual information [182, Thm. 5.11]. Our analysis
reveals an expression of the minimax rate-distortion function / channel capacity
solely in terms of the covariance matrices of distributions within the ambiguity
set and the radius of the W,-ball. Adjusting the radius of the W,-ball enables a

gradual interpolation from a known nominal source distribution (at a radius of 0)
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to an uncertain distribution as the radius increases. In the scalar case, we derive
closed-form expressions demonstrating the effect of the varying radius on those

fundamental limits.

Notation. The set of real numbers is denoted by R. For a real-valued function
f. we denote f(-) := max{0, f(-)}. For a vector z € R?, we denote by ||=

’

the Euclidean norm of z. For a matrix A € R™™, its transpose is denoted by
A" e R™“. For square matrices, tr(-) and || are the trace and the determinant
operation. The notations Si and Si . represent the sets of d X d symmetric, positive
semidefinite and positive definite matrices, respectively. For two positive semidefinite
matrices, >~ denotes the Lowner order. The set of all probability distributions over
R" with bounded p™-moment is denoted by P,(R"). For a random variable X over
R", we denote its probability distribution by Py. The conditional distribution of a
random variable Y given X is denoted by Py x. The expectation with respect to the
distribution Py is denoted by Ep_[-]. The Gaussian distribution with mean p € R?
and covariance X € Si is denoted by N (1, ). The mutual information between
random variables X and Y is denoted by I(.X;Y'). The differential entropy of X is
denoted by h(X), and the conditional differential entropy of X given Y is given by
h(X]Y).

6.2 Main results

In this section, we state our main results: Theorem [6.2.1] shows an SDP for the
worst-case RDF defined in (6.2)), below, and Theorem [6.2.3] shows an SDP for the
worst-case capacity, defined in (6.14).

Source Compression

Fix € > 0. Consider a source that generates 1.1.d. symbols X; € R? following an
unknown probability distribution Py € S, where S C &7, +E(Rd) is a distributional
family. An n-block of source symbols X" = (X;,..., X,,) is mapped into one of
the exp(nR) distinct codewords X" = ()? Lrenos )A(n) while satisfying the average
distortion constraint = > | E[[| X, — X:|4 < D.

The minimum universally achievable coding rate R, (D) is defined as the minimum
R at which such a mapping exists, regardless of the Py € S. The minimum
asymptotically achievable universal coding rate is the operational compound RDF
[195], Rs(D) = limsup,,_,., Rs (D). Sakrison [[195] established the following
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single-letter formula for the compound RDF:

Rs(D)=  inf sup I(X;X). (6.2)

YR Px€S
Pgx: RY-R? Px

E[|xX-X|*]<D
The achievability result of the coding theorem in (6.2)) assumes that the class
of distributions S is compact, a notion defined by [195] as follows: a class of
distributions S is compact if, for any € > 0, there is a totally bounded set X C R?
and a function f: R? — R? with range /C such that,

sup By [IX = F(XOIP] <e (6.3)
Any class of distributions with bounded 2 + € order moments for € > 0 satisfies the
compactness definition given in [[195]]. However, the distributions in the W,-ball do
not necessarily satisfy this condition. Therefore, to ensure that the function on the
right side of (6.2]), whose computation constitutes one of our main results, has an
operational meaning, we consider only those distributions in the W,-ball that have

bounded 2 + € order moments.

Our main result for source compression computes the compound rate-distortion func-
tion (6.2) for the W,-ambiguity set of distributions S = {P S +E(Rd) | W,(P, P,) < r}.

For brevity, we denote the compound rate-distortion function with such a choice of

the ambiguity set by
Rp (D,r) = Rg(D). (6.4)

If r = 0, (6.4) reduces to the rate-distortion function of the known distribution P,.

In our analysis, we assume a Gaussian nominal distribution.

To set the stage for our result, we denote the Bures-Wasserstein metric on the positive

semi-definite cone Si [20] as,
1 1 1/2
BW(X,¥,) = (tr(2)+tr(20)—2tr(252025)> . (6.5)
Moreover, note that the RDF of a d—dimensional multivariate Gaussian vector

X ~ N(0,%) is given by [133, Eqn. (13)]:

RN(O,E) (D) = lnf — log
AeRY y, =0:
tr((A-1)S(A-1) 42 ,)<D

TRl 69
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The reconstructed message X follows the forward law X = AX + Z, where
Z ~ N(0,%,) is independent of X. The solution to (6.6) is given by reverse-
waterfilling on the eigenvalues [41, Thm. 10.3.3]. If d = 1, the RDF in (6.6) takes
the form (6.9)), below.

Theorem 6.2.1 (Compound RDF for W, ambiguity set). The compound RDF (6.4)
with a Gaussian center P, = N (0,%,) is given as,

Rp (D,r)= gglg Ryo,5)(D), (6.7)

BW(X,X,)<r

where the function Rp (D, r) is achieved by a Gaussian Py.

Proof. We first refer to [195] to establish strong duality, see Lemma [6.2.2] below.
We then present an upper bound on the compound RDF and show that it is achieved
by a Gaussian source distribution in the W,-ball if the nominal source distribution P,
is Gaussian. This extends the classical result [133, Eqn. (13)] showing that, among
all distributions with a fixed second-order moment, a Gaussian source achieves the
largest single source RDF (See Section [6.3]for details). [

Lemma 6.2.2 (Strong duality of the compound RDF). The compound RDF (6.4))

admits a dual formulation given by

Rp (D,r)=  sup inf I(X; X), (6.8)
Pxix,: R'R? Py o RASR?
PxeZ, (R E[|X-X|*]<D
E[|| X=X, "] <r?

where X, ~ P..

Proof. The result follows via an application of [195, Thm. Source Encoding] to

mean square error and a W, ambiguity set. [

In (6.8)), the nominal source X, ~ P,, the worst-case source X and the reconstructed

signal X can be regarded as a Markov chain:

PX‘XO\ PX’|X ~

X, > X

We can interpret as a Nash equilibrium of a zero-sum game between two com-
peting channels: while the channel Py x_ adversarially maximizes the compression

rate from X to X under the transportation cost E|| X —X,||> < 7? from the nominal
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source to "deceive" the encoder-decoder channel PX| «» the channel PX\  minimizes
the compression rate from X to X under the distortion constraint E||X — X ||> < D

by assuming the worst-case source from Py x., .

To elucidate the tradeoff exposed in Theorem [6.2.1] consider a scalar-source RDF
with an unknown distribution from a W,-ambiguity set centered at P, = N (0, af).
First, recall the RDF of a scalar Gaussian source [41, Eqn. (10.36)]:

1 o’
Ry00t(D) = 5 log* o (6.9)
Second, observe that the Bures-Wasserstein distance (6.5]) between scalars is,
BW(o?,02) = |o — 0] (6.10)

We now apply Theorem|[6.2.1] The compound RDF for the scalar case, using (6.7),

is given as,

Ryr002(D;r) = s Ry0.0%(D) 6.11)
Lot 7 (6.12)
= sup =log" — _
‘G’—o’oj[‘)grQ g D
L (oo +7)
— Z1ogt e T 1
5 log" —— (6.13)

The expression (6.13)) is immediate due to the fact that the logarithm is monotonic.
Note that for » = 0, the compound RDF is the Shannon RDF for P, and for » > 0, it
is the Shannon RDF for Py = A(0, (o, +7)?). Thus, as the radius of the ambiguity

set increases, the required number of bits to achieve the same distortion increases.

Channel Coding

Consider transmission of an equiprobable message W € {1, ... ,exp(nR)} over an
i.i.d. additive noise channel, which, upon receiving X, € RY, outputs Y; € RY, where
Y, = HX; + Z;, with Z; ~ P, independent of each other and of X’ = (X, ..., X;),
and H is fixed. Here, P, € S is fixed but unknown. The encoder injectively maps
W to a codeword X" under the average power constraint + >-"  E||X; |*> < B. The
codeword is transmitted over the channel, and, upon receiving an n-block of channel
outputs Y =(Y7,...,Y,,), the decoder outputs W, an estimate of V.

The maximum universally achievable coding rate C's ,, (3, €) compatible with average
error probability P [W # /I/ﬂ < eisdefined as the maximum rate R for which such an

encoder-decoder mapping exists, regardless of P, € S. The maximum asymptotically
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Scalar Channel

O 1 1 1 1 1
0 2 4 6 8 10

Input Power(B)

Figure 6.1: The scalar compound capacity for P, = AN/ (0, 1) for r = 0. The scalar
compound capacity for » = 0 is the Shannon capacity for P, and for » > 0 is the
Shannon capacity for P, = N(0, (1 +r)?). As the radius of the ambiguity set
increases, the required input power B to achieve the same capacity increases.

achievable universal coding rate is the operational compound capacity-cost function
[22], Cs ,(B) = lim,_,, lim inf Cs.. (B, €). Blackwell [22] established a single-

letter formula for the compound capacity-cost function of a discrete memoryless

n—oo

channel, which was extended to continuous alphabet domain in [42], [[154] :

Cs(B)= sup inf I(X;HX + Z2), (6.14)
Py onR% Pz€S
tr(%)<B

where Y. is the covariance of X ~ Pyx. Our main result for channel coding computes
the compound capacity (6.14)) for the W,-ambiguity set of additive channel noises

S = {P e P,(RY) | Wy(P, P,) < r} . (6.15)

Here, we assume that the nominal distribution P, € QQ(R“{) to ensure weak
compactness of S [253, Thm. 1]. This assumption entails P € 92<Rd) [253, Lem.
1] for all P in the W, ball. For brevity, we denote the compound capacity-cost

function with such a choice of the ambiguity set by

Cp.(B,r) == Cs(B). (6.16)
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Our problem setting satisfies the regularity conditions [42, H1-H4]:

1. The input and output alphabets as well as the set of states (which correspond
to the probability measures in the W, ball equipped with the W, distance) are

separable metric spaces, and the output alphabet is complete.

2. The channel depends continuously on the input and states, i.e., for a sequence of
inputs X,, — X and states P, — Py, Py|x p,(-|X,, Pz, ) converges weakly
to Py x p,(-| X, Pz). Here, Py|x p,(-| X, P;) represents a channel with a given
input X and a fixed noise distribution P, in the W, ball. This follows from
the fact that the W,-ball is weakly compact whenever the nominal distribution
has a finite 2-nd order moment [253, Thm. 1].

3. The constraint function ||-||* on the input is Borel measurable.

4. There exists a sequence of input alphabets that satisfy the given power constraint.

The validity of the Blackwell formula (6.14]) ensures that the function on the right side
of (6.14)), whose computation constitutes one of our main results, has an operational

meaning.

Note that the capacity-cost function for a d-dimensional multivariate Gaussian noise
vector Z, ~ N(0, X ) is given by (See [57, Thm. 9.1] and Lemma in Appendix

below),

Y, + HYHT
Cywx,) (B) = sup 10g’ z |
¥>0: |ZZ|
tr()<B

(6.17)

Theorem 6.2.3 (Compound capacity-cost function for W, ambiguity set). The
compound capacity (6.16) with a Gaussian center P, = N (0, %,) is given as,

Cp (B,r) = inf Cio,5,)(B)- (6.18)
S50
BW(Sz,5,)<r
Proof. The proof of Theorem [6.2.3]is along the same lines as that of Theorem
[6.2.1] We leverage the fact that Gaussian noise minimizes capacity for a given
noise covariance (See Lemma[6.B.2]in Appendix [6.B|below). This helps us write
the compound capacity in terms of the second-order statistics of the distributions
in the W, ball. The operational meaning of Gaussian being the worst-case noise
is discussed in [141]. See Appendix for details. Also note that a Gaussian
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nominal distribution ensures that distributions in the W,-ball have bounded 2-nd
order moments [[253, Lem. 1]. [ |

Lemma 6.2.4. The compound capacity in (6.14) admits a dual formulation given by
Cp (B,r)= inf sup [(X;HX + 7). (6.19)

Pz, R'>R? Py onR?:
2
Prezy®Y E[IXIF]<B
2 2
E[lZ2-2.|1°]<r

where the inf is achieved by a Gaussian noise distribution.

Proof. The result follows from [42, Thm. 5], where the authors prove the above
result for the case of AVCs, which is a more general case of the setting that we

consider. [ |

Consider the compound capacity of a scalar additive channel with an unknown additive
noise distribution drawn from a W,-ambiguity set centered at P, = A/(0, o). First,

recall the capacity of a scalar Gaussian channel [41, Eqn. (9.17)]:
1 B
Cno.03)(B) = 5 log (1 + ?> . (6.20)

We now apply Theorem [6.2.3] Plugging (6.10) and (6.20) into (6.18)) and using the
fact that logarithm is monotonic, we write the worst case capacity for P, = N (0, of)

as,
Ontoaty (Bor) = inf Cuioot(B) (6.21)
= inf 1log (1 + 52) (6.22)
lo—0o|<r o
1 B
=—-log|(l+—= . 6.23
2 & ( (O' + 7')2) ( )

Naturally, increasing the radius of ambiguity r diminishes the compound channel

capacity. This effect can be observed in Fig[6.1]

6.3 Proof of Theorem 6.2.1
Useful Results
If the source distribution X ~ P, is known, (6.2) reduces to the standard RDF [41],
Eqn. (10.12)]
Rp (D)= Rp(D,0)=  inf  I(X;X). (6.24)

d d
Pgix: R%=R
E[|X-X|*]<D
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The next lemma brings to light the significance of the Gaussian RDF in (6.6)) as the

worst-case RDF among sources with the same covariance matrix.

Lemma 6.3.1 (Gaussian is the hardest to encode, [133, Eqn. (13)]). Assume that the
source distribution P, has a covariance ¥, € S‘fr. The RDF Rp (D) satisfies

Rp (D) < Ryo5,)(D), (6.25)
and the upper bound is attained by P, = N (0,3,).
Proof. This result is due to Kolmogorov [133, Eqn. (13)]. We provide a short proof
in Appendix [0.A]for completeness. [
Noting that
W, (P, P,)* <71 <= E[| X — X,|*] <, (6.26)
we rewrite the dual formulation of the compound RDF in Lemma[6.2.2] as,

Rp (D,r)= sup  Rp(D). (6.27)
PePy, (RY):
W2(P’ PO)ST

Proof of Theorem [6.2.1: upper bound
Consider two distributions P,, P € #, +6(]Rd) with means 1., 1 € R? and covari-

ances Y., 2 € Si, respectively. The W,-distance between them satisfies the Gelbrich
bound [[78, Thm. 2.1],

W, (P, P,)* > BW(Z, X,)° 4 | e — 1|, (6.28)

where equality is attained if both P, and P are Gaussian distributions. It follows that
the W,-distance between distributions upper-bounds the Bures-Wasserstein distance

between their covariance matrices:
W2<P7 Po) > BW<27 Zo)' (629)

Applying (6.29) to (6.27)), we obtain an upper bound on the worst-case RDF as:

RPO(D,T) < sup Rp(D) (6.30)
PePy, (RY):
BW(Z, X, )<r

< sup Ryx)(D), (6.31)
BW(X,5,)<r

where (6.31)) is by Lemma|[6.3.1] Plugging (6.6) into the right side of (6.31) yields
the < direction of (6.7).
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Proof of Theorem [6.2.1: lower bound
By Lemmal6.3.1} equality is achieved in (6.31]) by P = N(0,%). Since both P, and
P are Gaussian, equality is achieved in (6.29), and, by extension, in (6.30) as well.

6.4 Conclusion

In this paper, we studied Sakrison’s [195] compound RDF and Blackwell’s compound
capacity [22], focusing on a scenario where the source / noise distribution belongs
to a Wasserstein-2 ambiguity set. Our key findings include the identification of
the Gaussian distribution as the worst-case scenario for encoding within this set
(Theorem[6.2.1] Theorem[6.2.3)). The compound RDF (Theorem [6.2.1)) and capacity
(Theorem [6.2.3)) are expressed in terms of the covariance matrices of Gaussian
distributions. Future work could explore ambiguity sets defined using distances
beyond Wasserstein-2, tradeoffs between coding and learning the distribution to
decrease the size r of the ambiguity set, extensions to multiterminal settings, and to

causal source and channel coding.

6.A Proof of Lemma[6.3.1]
Without loss of generality, assume that X is zero-mean. We first state the following

useful lemma, which extends [[182, Thm. 5.11] to a vector channel.

Lemma 6.A.1 (Gaussian input maximizes the mutual information in an AWGN
channel). Let X be a random channel input in R® with known covariance ¥ € S‘i
and let A € R be a fixed channel matrix. Let Z, ~ N(0,%5) be the additive
Gaussian channel noise independent of X, with known covariance ., € Si. We
have that;

I(X, AX +Z,) <I(X,, AX,+ Z,), (6.32)

where X, ~ N(0,X) is independent of Z,, and equality holds if X ~ N (0, X).

Proof. The mutual information is given by,

[(X, AX + Z,) = h(AX + Z,) — h(AX + Z,|X), (6.33)

(AX + Z,) — h(Z,). (6.34)

=h
=h 9
The second term in the last equality does not depend on X, while the first term, by
the maximum entropy property of Gaussian random variables [41, Thm. 8.6.5], is
bounded above by

1 ~
MAX +Z,) < 5 log (27re 2) , (6.35)
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where 3 = Cov(AX + Z,) = AX A" + %, is the covariance of matrix of AX + Z,.
This upper bound is achieved by a Gaussian input X, ~ N(0, 3J) independent of the
channel noise Z,. u

Consider the RDF for a known source distribution Py given in (6.24)). Restricting
the infimization to linear mappings of the form
X = AX + 7, (6.36)

where A € R*?, and Z, ~ N(0,%) is independent of X, we get an upper bound
on Rp (D) as,

Rp (D) < inf I(X;AX + Z,) (6.37)
AeR™? 21,0
E[IX-X|*]<D

< inf I(X,;;AX, + Z,) (6.38)
AeR¥4 5, 0.
E[||X,—X,1*]<D

= Ry (D), (6.39)

where X, ~ N(0, %) and )?g = AX, + Z,. Inequality (6.38) is by Lemma
Since the condition E [||Xg . Xg||2] < D can be written as tr((A—I)S(A—1)" +
¥ 4) < D, and the mutual information between two Gaussian random vectors can be

written as,

) ‘AEATJrEZ‘
I(XQ,AXQ + Zg) = §lOg |2—Z|,

the right side of (6.38) is equal to the right side of (6.6)). It remains to show (6.39).

Applying the argument in (6.37), (6.38) to Py = N (0, %) yields the > in (6.39). To
show <, fix any P;ﬂ + - Using standard arguments, [41, Proof of Th. 10.3.2], we

(6.40)

have,
I[(X,, X) = h(X,) = h(X,|X) (6.41)
1 ~
=3 log [2meX| — h(X, — X|X,) (6.42)
1 .
> 5 log [2meX| — h(X, — X) (6.43)

1 1
>  log|2meT| — - log 2mex, g, (6.44)

where 3 _ ¢ is the covariance of X, — X. Here, (6:43) holds because conditioning
decreases entropy [41, Thm. 8.6.1 Cor. 2], and (6.44) is due to (6.35). The
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expression on the right-hand side of (6.44)) is the mutual information between the

jointly Gaussian pair (X, X ). It follows that R 5)(D) is lower bounded by the

right side of (6.38).

6.B  Proof of Theorem

We first state the following useful lemmas. In Lemma[6.B.1] we state the capacity of
a Gaussian vector channel. To get Lemma|6.B.1] we slightly modify [57, Thm. 9.1]
for our use case. In Lemma[6.B.2] we show that for an additive channel, Gaussian
noise, among all noises with the same covariance, minimizes the channel capacity.

A similar result in the setting of stochastic processes is established in [[111].

Lemma 6.B.1 (Capacity of an AWGN channel). Consider the channel coding setting
defined in the first paragraph of Section [6.2] The capacity-cost function for a

d-dimensional multivariate Gaussian noise vector Z, ~ N(0,X,) is given by,

Y, +HYH"
Cios,)(B) = sup log 2z | (6.45)
$-0: 32|
r(2)<B
Proof. The capacity for Z, ~ N (0, I), is given by [57, Thm. 9.1],
Cno.n(B) = sup log|I+HSH'|. (6.46)
tr%g)(gB

The capacity for Z, ~ N(0, X ) can be obtained by considering the channel matrix
H =x,"?H [57, Rem. 9.1].

Crnos(B) = sup log|l + 3, 2HSHTS ™). (6.47)
¥>0:

tr(X)<B

Multiplying I + 221/ HQH TEET/ 2 by 212/ ? on the left and E? ? on the right, and
dividing the argument of log in by [X4|, we get (6.45). |

Lemma 6.B.2 (Gaussian noise minimizes the channel capacity of an additive channel).
Let Z be a random channel noise in R* with known covariance ¥ 7 € R and let
H € R™? be a fixed channel matrix. Let Z, ~ N'(0,%.;) be the additive Gaussian
channel noise, with the same covariance as Z, independent of the channel input X.

Then,
CN(O,EZ) (B> < CP(B>7 (648)

and equality is achieved by P = N(0,X ).
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Proof. Consider X, ~ N (0, %) where ¥ is the covariance of X. Using (6.32)) and

then [49, Lem. I1.2], we have the following set of inequalities,

I(X, HX + Z,) < I(X,, HX,+ Z,), (6.49)
< I(X,, HX,+Z). (6.50)
Now note that,
sup  I(X,, HX,+ 7)< sup [I(X,HX+Z). (6.51)
20: PonR%:
E[IIX,)*]<B E[|IX|*]<B

The expression on the right-hand side of (6.51) is C'p(B). The expression on the
left-hand side of (6.51)) is lower bounded by Cyy(y 5, (B). Indeed, After applying
inequalities (6.50) and then (6.49) to lower-bound the left side of (6.51)) and taking
supremum over all input distributions leads to (6.43). |

Proof of Theorem|[6.2.3]

Converse

Consider the dual formulation of the compound capacity (6.19) and a noise distribution

in the W, ball P with mean p and covariance Y. We re-write the dual formulation as,

Cp.(B,r)= inf Cp(B). (6.52)
PePy(RY):
WZ(P’PO)ST

By the Gelbrich bound [78, Thm. 2.1] we have (6.29). Applying (6.29) to (6.52),

we obtain a lower bound on the compound capacity as:

Cp.(B,r)> inf  Cp(B) (6.53)

Pe2,(RY):
BW(Z,%,)<r

> inf ON(O,Z)(‘B)’ (654)

Pe2,(RY):
BW(Z,%,)<r

where (6.54) is by Lemma[6.B.2] Plugging (6.45)) into the right side of (6.54) yields
the > direction of (6.18).

Achievability

Equality in (6.54) is achieved by Gaussian P (6.48). Since we assume that P, is
Gaussian, equality is achieved in (6.29), and, by extension, in (6.53]) as well.
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Chapter 7

DISTRIBUTIONALLY ROBUST CLUSTERING

7.1 Introduction

In recent years, the widespread availability of large-scale, high-dimensional datasets
has driven significant interest in clustering algorithms that are both computationally
efficient and robust to distributional shifts. The classical clustering method, k-means,
can be seen as an application of the Lloyd-Max quantization algorithm, where the
distribution which is being quantized is the empirical distribution of the points that
need to be clustered. This empirical distribution will be different from the true
underlying distribution, especially when the number of points to be clustered is small.
This leads to distributional shift, which can further occur in many real world settings,
such as image segmentation, biological data analysis, and sensor networks, due to
noise variations, sensor inaccuracies, or environmental changes. Distributional shifts
can severely impact the performance of clustering algorithms, leading to degraded

cluster assignments and unreliable downstream analysis.

The field of clustering has a rich history. One of the most popular algorithms in
this field is the k-means algorithm, introduced by [[156]. The k-means algorithm
has various variants, such as k-means++ [10], which uses a special seeding method
to improve convergence characteristics. Robust clustering has also been explored
in the literature, with notable works including [79], [[148], [SO], [45], and [46].
Noise-robust clustering has also been studied, with [[106] providing a comprehensive
survey. High-dimensional, low-data clustering is often encountered in biological
data. In this context, high-dimensional clustering has been studied separately in [256]
and [38]]. [150] further explored the problem of high-dimensional clustering using
a minimax optimization criterion. For an extensive survey of clustering methods,

readers can refer to [75]].

Fundamentally, the k-means algorithm can be seen as an application of the Lloyd-Max
algorithm [152], [[163]] when the distribution is the empirical distribution based on
the observed data points. Lloyd [152] introduced two iterative approaches to design a
locally optimal quantizer, referred to as Method I and Method II. Max [163]] derived
equations for the necessary conditions for a quantizer to be locally optimal and

independently proposed Lloyd’s Method II. This is now recognized as the Lloyd-Max
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algorithm. It should be noted that the generalized clustering problem of finding the

optimal quantization points and regions for any given rate and dimensionality is
NP-hard [76]

Moreover, the k-means algorithm has many practical applications and several
variations of its original version are in use today. For example, [232] explores
the use of k-means in the field of image compression. [47] proposes a variant of
k-means for image segmentation. Moreover, k-means has extensively been used
to learn large-scale representation of images [37]]. The wide ranging applications
of the classical k-means, makes it even more important to consider robustness to
distributional shifts in the original algorithm, especially in the low data regime when

the empirical distribution is not an accurate estimate of the underlying distribution.

In this work, we use the Wasserstein-2 (W,) distance as a measure of distributional
shifts to define a family of distributions. The W,-distance between distributions P;
and P, on R is defined as [231]

1

2

W, (P, Py) ::( inf E[||X—Y||2]> : (7.1)

Pxy €ll(Py,P;)

where II( P, P,) denotes the set of all joint distributions with marginals P; and
P,. Unlike other common statistical distances such as Total-Variation distance,
Kullback-Leibler (KL) divergence, or Hellinger distance, the W,-distance incorpo-
rates information about the geometric structure of the underlying domain, making it
particularly suitable for handling structured real-world data. Additionally, unlike KL,
divergence, it can quantify distances between distributions with different support.
Due to its geometric interpretability and tractable formulation, W,-distance has
recently gained popularity as a statistical distance in diverse fields such as control

[125], filtering [203]], machine learning [134], and data compression [[157]].

Contributions

In this paper, we propose a variant of the classic k-means algorithm that is robust to
distributional shifts. That is, the algorithm minimizes the worst-case error among the
W, family of distributions. We show that the proposed algorithm is a descent method
and find the necessary conditions for the optimal placement of K cluster centers
that best represent the W, family of distributions for a given nominal distribution P,
and ambiguity radius r. Finally, we present numerical simulations to analyze the
performance of the algorithm. The organization of the paper is as follows. In Section
we define the notations used in the paper and formally define the optimization
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problem. In Section[7.3] we give the necessary conditions on the optimal solution to
the problem. In Section[/.4] we formalize the iterative method. In Section we
provide numerical simulations of our algorithm on synthetic and real world datasets
and show that in the low data regime, our algorithm performs better than k-means++.
We measure our performance using the worst-case error in the W, ball and the

misclassification rate for a certain dataset corrupted with outliers.

Notations: The letters N and R denote the set of natural and real numbers,
respectively. We denote the set of natural numbers upto N € Nas [N] = {1,..., N}.
The set of positive real numbers is denoted by R,. The set Ay = {w € RY |
Zie[ K i = 1} denotes the K —probability simplex for K € N. Indicator function
of set & C R” is represented as 15 : R? — {0,1} such that 14(z) = 1 only if
x € @ and zero otherwise. We reserve the boldface capital letters (e.g., X, M,
etc.) for matrices. The expressions ||x| and =T denote the Euclidean norm and
the transpose of a vector x € R?. We use the letter P and @ to denote probability
distributions, and [Ep to denote expectation under a distribution P. The set of
probability distributions over a domain R? is denoted by #(R?) whereas Z,(R")

denotes the set of distributions with finite pth moment.

7.2 Problem Setup

Let X; ~ IP; be arandom vector that encapsulates the true data population of interest,
drawn from an unknown probability distribution P, € 2 (R%). Our objective is to
partition this population into K € N distinct clusters. Formally, we seek a partition

of the domain R? into K pairwise disjoint subsets, i.e., P;,..., Py C R? such that
O, ND, =0, fork£1, and U, d, =R (7.2)

Additionally, each cluster is associated with a representative center, i.e., j;, € Py,
for k € [K]. For any such pair of cluster centers and partitions (M, ®) where
M = [,ul . uK} € R and & = {q)k}szl, the associated clustering map
Ome ! R? — R? that maps a given data x € R? to the center representative of the

cluster it belongs to, namely,
K
Ome(r) =) Lo, (). (7.3)

Standard K-Means Clustering as Empirical Risk Minimization
In order to assess the performance of a clustering scheme (M, ®) for an arbitrary

random vector X ~ P € e@(Rd), we consider the expected squared L,-distance
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between the random vector X and its corresponding cluster center Qpy 5 (X), namely:

Definition 7.2.1 (Clustering Risk). The L,-risk of a clustering scheme (M, ®) under
a distribution P € 2,(R?) is defined as

Risk(M, ®,P) == Ep [| X — Oma(X)|?] . (7.4)

We seek to find a clustering scheme (M, ®) that minimizes its population risk under
the true underlying distribution IP;, namely,
nt {Risk(M, @.P,) = B, [|X, ~ O (%,)I] (1.5)
In reality, we almost never have access to the true distribution to begin with. Instead,
usually a finite dataset Dy = {a:n}nNzl CRYof N e N points is given, presumably
drawn from the underlying but unknown distribution ;. In this case, the empirical
distribution N
Py:=N"! anl 8o, (7.6)
of the dataset D)y can be used as a proxy to P4, leading to the empirical clustering

risk minimization:

Problem 7.2.2 (Standard K-Means as Empirical Risk Minimization). Given a
dataset Dy, find a pair of K cluster centroids and regions (M, ®) that minimizes

the empirical clustering risk, i.e.,

. N 1 N
Jnt {Rusk(M, ®.Py)=Bp, [IX - Qua(X)"] = 5> llw. - QM@(%)HQ} .
(7.7)

This is the standard objective used in traditional K -means clustering. Although
this objective is convex in cluster centers M alone, the joint minimization over the
cluster regions ® makes it highly non-convex in general. Nevertheless, the necessary

optimality conditions are obtained as follows:

Theorem 7.2.3 (Optimality of K-Means [152], [163]]). Given a fixed set of centroids

M, the optimal partitioning ®* is the nearest-neighbor partition, i.e.,
o — {xeRd = ]l < Iz — pll Vlyék}, k=1,....K. (18

Furthermore, the optimal centroids M* for a dataset Dy satisfy the following

necessary conditions:

N
— xnﬂ * xn *
MZZZn_l <I>k( )—En?N[X|X€(Dk]’ k=1,....K. (7.9

N
Zn:l ]l<1>2 (xn)
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The infamous Lloyd-Max algorithm is essentially developed as a fixed-point comput-
ing locally optimal centroids.
of) ¢ {e R | o —pl < llz — | VI #k} (7.10)
ZnN: $n]1 (t) (xn)
e S g [ X e of] (7.11)
Zn:l ]I'I’;(:> (an)

The Lloyd-Max algorithm has per-iteration complexity O(dN K), and the empirical

risk is monotonically decreasing at each iteration, namely,
Risk(M**D), &) P ) < Risk(M®, &Y P,

converging to a local minimum. While this makes it an easy-to-implement algorithm,
the accuracy of the resulting clustering scheme on the true population highly depends

on the quality and representativeness of the dataset of the true underlying population.

Distributionally Robust K-Means Clustering

As discussed in the preceding section, the standard K '-means clustering on a dataset
Dy i1s an empirical proxy to clustering the underlying true population with distribution
IP;. When the dataset is generated directly from the population, say in i.i.d. fashion,
the representativeness of the empirical distribution P N as a proxy to the population IP;
diminishes severely in high-dimensional data-starve settings, such that log(N) < d,

due to curse of dimensionality.

Moreover, distribution shifts in the data-generating process, i.e., deviations from
the underlying population due to reasons like corruption by noise, outliers, or
other unknown mechanisms, further degrade the accuracy of clusters obtained from
standard K -means on the underlying population. However, the standard /'-means
does not have a priori performance guarantee for the underlying population when
the dataset is subject to distribution shifts, making it highly susceptible to cluster

misrepresentation under such phenomena.

To overcome these limitations, we propose a distributionally robust /{-means
clustering method. In this setting, we explicitly incorporate our uncertainty about
the true population distribution IP; into the design of K'-means clusters through an
ambiguity set of plausible probability distributions consistent with the dataset Dy,
to which the true distribution I?; belongs. We can describe this notion of plausibility
by a statistical distance on the space of probability measures @(Rd). Since the
clustering risk is assessed by the L,-distance, a natural statistical distance to use is

the Wasserstein-2 distance.
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Definition 7.2.4 (Wasserstein-2 Ambiguity Sets). The W,-ambiguity set of radius
7> 0 around a nominal distribution P, € 2 (R?) is defined as

BY(P,) = {]P e P(RY) | Wy(P, P,) < r} . (7.12)

In this paper, we take the empirical distribution P ~ as the nominal. Notably,
the Wasserstein-2 ambiguity set offers the significant advantage of encompassing
continuous, mixed, and discrete distributions. Accordingly, we impose the following

assumption for the remainder of our paper:

Assumption 7.2.5. Given Dy and r >0, the true distribution IP; of the underlying
population belongs to the ambiguity set IB%T(]IA:‘ N)-

The radius r > 0 essentially determines the level of uncertainty about and/or deviation
from the unknown population IP;. When the dataset samples are drawn i.i.d. from the
population IPy, it is indeed possible to determine an upper bound on 7 that guarantees
that Assumption holds with high probability.

Theorem 7.2.6 (High-Confidence Ambiguity Sets [66, Thm. 2]). Lerd >4, ¢ € (0, 1),
and Ep_ [exp([|X||*)] < 400 for an o > 2. When Dy is drawn 1.i.d. from Py, the
true density Py resides in the ambiguity set B,y ) (I@N) with probability at least

1—¢ ie.,

R (1og(0/s)>3 if N > la(C/e)
IP?N {W2(1Pﬁ,IPN)§r(N, g)} > 1 where r(N,¢e):= -c

: l-fjv<log(C/€)7
(7.13)

where C, c > 0 are constants depending on o and d.

The above theorem simply provides a priori high-confidence upper bound on the W,
distance between the unknown true distribution IP; and the empirical distribution
P ~ sampled from IP;. Similar a priori bounds can also be derived for distribution

shifts induced by feature noise, data corruption, or outlier injection.

Assumption allows establishing performance bounds on the population risk
of any clustering scheme through the worst-case risk attained among all plausible

distributions in the ambiguity set, defined as follows:
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Definition 7.2.7 (Worst-Case Risk). Given a dataset Dy and radius r > 0, the
worst-case risk of a quantization scheme (M, ®) is defined as
wRisky,. (M, ®) = sup {Risk(M, ®,P) =Ep [||X — Qp.a(X)|°]}-

PeB, (Py) 14

Although the true distribution is not known, the worst-case risk provides an upper
bound on the population risk of a clustering scheme (M, @),

inf Risk(M', &', P,) < Risk(M, @, P;) < wRisky (M, ®). (7.15)

M &

Thus, minimizing the worst-case clustering risk among all plausible distributions
in the ambiguity set instead of directly minimizing the empirical risk provides a
proxy with a guaranteed population in the face of uncertainties and distribution shifts
between empirical training data and the true population. This is formalized in the

following problem.

Problem 7.2.8 (Distributionally Robust K-Means). Given a dataset Dy and a
ambiguity set radius » > 0, find a clustering scheme (M, ®) that minimizes the
worst-case clustering risk, i.e.,

inf  sup {Risk(M,®,P)=Ep [|X — Oma(X)|]} (7.16)

(M,®) peB, (P y)

7.3 Optimality Conditions for Distributionally Robust Clusters
In this section, we establish the necessary optimality conditions for distributionally
robust /{-means clustering problem in Our approach is grounded in the strong
duality result (Theorem from the Wasserstein distributionally robust optimiza-

tion (DRO) literature and employs the Karush-Kuhn-Tucker (KKT) conditions to
characterize local optimality in Theorem

We start by establishing the optimality of the nearest neighbor partition in for
fixed centroids over any population distribution.

Lemma 7.3.1 (Optimality of Nearest-Neighbor Partition). For any fixed centroids
M = [ul e ,UK} e RK, the nearest neighbor partition ®* in (T.8) universally

dominates clustering risk such that

Risk(M, ®, P) > Risk(M, ®*, P) = Ep |:]5n[1[1(1} | X — ,ukHQ}, forall P e 2(R%Y.
€

~~

==Risk(M,P) (7.17)



147
Proof. See Section|/.A [ |

This result implies that the distributionally robust clusters for fixed centroids will be

the nearest neighbor clusters as well, i.e.,

inf  sup Risk(M,®,P)= inf sup Ep [&1{1}1@1 | X — ,uk||2}, (7.18)

(M,®) PeB,.(Py) MR E PeB,.(P )

J/

-~

=wRisk (M)
where wRisky ,.(M) is the worst-case clustering risk of centroids M with nearest
neighbor clusters. In this formulation, evaluating wRisk y ,.(IM) entails solving an
infinite-dimensional optimization problem over the space of probability distributions.
By leveraging the strong duality property of distributionally robust optimization as
established in Gao and Kleywegt [74, Thm. 1], we derive a tractable reformulation in
Theorem [/.3.2|that effectively reduces the problem to a single-variable optimization

over the nominal empirical distribution.

Theorem 7.3.2 (Strong Dual). The worst-case clustering risk wRisky .(M) in-

curred by any given set of K centroids M € R g equivalent to following dual
Sformulation:
1 N
Risky (M) = inf y7* + — M 1

wRisky., (M) = inf 7r° + N D, e M), (7.19)
where

en(7, M) = sup min ||z — p||* = 7yllz -z, || (7.20)

zeR? ke[K)

Proof. See Section|/.B [

While the primal problem in is reduced to a tractable finite-dimensional dual
optimization in (7.19)), it requires solving a non-convex max-min optimization for
each data point x,,. The following lemma provides a convex-concave min-max
reformulation of the inner max-min problem and a tractable expression for the

worst-case source in terms of the nominal.

Lemma 7.3.3 (Inner Saddle Point and the Worst-Case). For v > 1, the objec-

tive e, (v, M) in (1.20) is equivalent to the following convex-concave min-max

optimization:
_ : K 2 2
en(7, M) =Zomax ) |z = el " = Az — @7, (7.21)
1
. . . 2 . 2
=min ) e, — pall“m + o 1”% M ||”. (7.22)
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Furthermore, this min-max optimization admits a saddle point (z},, 7,) € R x A K

such that
x, — M, K
T, =1z, + ——", and T, € argmin X — P, (7.23)
— rmin Y —
Proof. See Section [

Note that the optimal probability mass function (pmf) 7, € A is a function of the
data point z,,. This pmf can be interpreted as a stochastic cluster assignment for x,,
for the given set of centroids M, namely, 7, represents the conditional probability

of assigning the data point z,, to k™ cluster.

Observe that the term Zszl |2, — t|* 7 in represents the expected squared
distance between data point x,, and the centroids IM under the stochastic assignment
rule 7,,. In contrast, M7 denotes the weighted average of the cluster centers, so
that ||z, — M, ||* quantifies the bias associated with the data point x,, under the

stochastic cluster assignment scheme (M, IT), where
Il = |:7T1 TI'N:| e RF*Y,

Thus, the second term in the optimization problem (7.22)) acts as a regularizer. This
regularization, governed by the parameter v > 1, mediates the trade-off between the
expected squared distance of x,, to the cluster centroids and the bias introduced by

the stochastic cluster assignment.

Furthermore, z;, represents the worst-case data point associated with x,, and given
centroids M, so that the worst-case distribution becomes P* = N ' Zgzl Oy -
These worst-case data points are simply shifted away from the original data x,, to the
direction of averaged cluster center Mr,,, introducing a bias scaled by the inverse of
v — 1. As the radius of the ambiguity set diminishes, i.e., 7 — 0, we have v — oo.
In this limiting case, both the regularization and perturbation terms vanish, thereby

recovering the standard A -means over the dataset Dy .

We conclude this section with Theorem|/.3.4] which formally states the main result
of this section, i.e., the local optimality conditions for the distributionally robust

centroids.

Theorem 7.3.4 (Conditions for Local Optimality). Given a fixed dataset Dy and a
radiusr > 0, globally optimal centroids M* solving the Wasserstein-2 distributionally
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robust K -means clustering problem must satisfy

N * _x
* anl TpTkn

pp = sl g g (7.24)
ZTJYZI Tkn
where X* = [x{ x},] e RN and I1* € RN are as in (T23), and the
optimal v* satisfies
f=14r! ZN |z, — M*7s || (7.25)
v = n—=1 n nil - .

These conditions are sufficient for local optimality.
Proof. See Section|/.D [

7.4 An Efficient Algorithm for Distributionally Robust Centroids

In this section, we present a practical algorithm inspired by the theoretical insights
developed in Section to identify distributionally robust centroids. The core of
our approach lies in formulating an iterative method that computes locally optimal
centroidal regions through a fixed-point iteration a la Lloyd-Max. These fixed points
are characterized by the KKT conditions in Theorem

Before presenting the algorithm, we derive a closed-form expression for the saddle
point (X*, IT") under a fixed v > 1 and M in the scalar setting (d = 1). This
derivation yields valuable insights into the structure of the stochastic assignment

rule.

Lemma 7.4.1 (Closed-form in Scalar Setting). Given py < pt; < ftg < +++ < b, <

tna1 Where 1y == —00 and i, .1 = +00 and vy > 1, define the disjoint intervals
- Hi+1— Mk Hey1— M
Ot =1y {— o ’“} , (7.27)

for k € [K| with D =0 .

1 =0, where i, 1 :="=LEL Defining the ratio,
2 2

Ly — Mk—s—%

G =2 e 7

et §on =
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the closed-form expressions for the worst-case source and the corresponding stochas-

tic decoding rule given the nominal source are, respectively,

1
T =l 5(1"’_7(]]@7%7”), JEnE(I)%kié,
* Tn y=1 xneq)'y,lm %
" and  Ten =9 1, T € Qs
/JLk“f‘l? xn€¢)77k+l; 1
2 2 21y 1), Tn € Doy
(7.29)
Proof. See Section|/.Ej -

This result demonstrates that any data point x,, residing in the interval ®_ +1 around
the boundary point, p; 1 between adjacent clusters invariably yields a worst-case
data point ), located precisely at the boundary point . 11 Consequently, the
construction of this worst-case data point necessitates a non-deterministic weighting

of the centroids.

Algorithm 3 Distributionally Robust /{-Means Clustering

1: input: v > 1, dataset Dy, initialization M(O), convergence tolerance £ > (),
2: repeat

1
3. wl« arg mmz — u,(f)Hkan + 5 1”% — 1\/1('5)71'7(55)H2 for each
™, [SYAN K -
n=1,.. ,N,
(t+1) 1 2 1 B ()2
4 MUY argr&l}f{lNZ Zk ) bl i + =l — Mo

5: Increment ¢t < ¢ + 1
t+l) O]

max; ‘Ml(t)| -

7: return M®

a

We present Algorithm[3] a novel distributionally robust K -means clustering algorithm.
For clarity, the algorithm is introduced assuming a fixed parameter v > 1. However,
it can be easily adapted to operate with a fixed radius > 0 by computing the optimal
~* > 1 that satisfies the equation using a straightforward bisection method.

Given a dataset Dy and an initial set of centroids MO e R*K | the algorithm
iteratively refines the centroids through a two-step process. First, it computes the
stochastic assignment probabilities n e RV corresponding to the current

centroids M) by solving (/.22), a convex quadratic program. Next, the centroids
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are updated, with M+ being the minimizer of the following objective for fixed
H(t),

1
MO argrdnllr(lﬁ Z Zk | — P + Y1 —— ||z, — M=%,
McR*

(7.30)

This is an unconstrained convex quadratic objective and admits closed form solution.

Notably, this algorithm generalizes the classical Lloyd-Max algorithm, which emerges
()

k+3
vanish, and the stochastic decoder transitions to the deterministic nearest-neighbor

as a limiting case when v — oo. In this limit, the fuzzy midpoint regions ¢

decoder, thereby eliminating ambiguity about the source distribution. We conclude

this section with the following theorem on the convergence of this algorithm.

Theorem 7.4.2 (Monotonic Convergence). The iterates {M"}2° generated by

Algorithm 3| monotonically decrease the worst-case clustering risk, i.e.,

wRisk . (M"™)) < wRisk (M), forall t > 0. (7.31)
Proof. See Section |

The observed monotonic decrease mirrors that of the classical Lloyd—Max algorithm
for standard K -means clustering. In particular, although it may not be immediately
apparent, the iterative updates that alternate between optimizing the centroids and
adjusting the stochastic assignments can be interpreted as a Expectation-Maximization

(EM) or coordinate descent procedure.

7.5 Numerical Experiments

In this section, we provide an empirical comparison of the Distributionally Robust
K-Means (DRKM) and K-Means++(KM). For better convergence, we initialize our
algorithm with the output of K-Means++. Since our algorithm is better suited for the
data starved regime, we study the worst-case performance and its dependence on
the number of data points (Experiments 1 and 3). We also show that the DRKM is
robust to outliers in terms of classification error (Experiment 2). In this section, we

utilize a mix of both synthetic and real-world datasets.
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Ambiguity Radius

In order to have a meaningful radius of the W, ball across varying N, we set,

r=a <%) ! , (7.32)

where d is the dimension, N is the number of data points and « is a user-specified
parameter. The reasoning behind this choice of r is that as the number of data points
increases, our uncertainty in the true distribution decreases; hence the ambiguity
radius should adjust accordingly. We chose to maintain a constant confidence
in our estimate of the true distribution with varying N. For details, see Theorem 2 in
[66].

Synthetic Datasets

In Experiment 1, we consider a Gaussian mixture model (GMM) with 3 components
with weights {0.2,0.26,0.53} and randomly chosen centers in d = 7 dimensions.
We chose @ = 10 and K = 3, where each cluster center corresponds to a unique
Gaussian component. We observe in Figure that as the number of data points
N increases from 5 to 50, the difference in the worst-case performance between
the DRKM and KM decreases. This is because a higher N better represents the
underlying data distribution, making it easier for KM to obtain a better estimate of

the underlying distribution.

In Experiment 2, we consider a dataset which is corrupted by an outlier cluster. The
original dataset, as represented in Figure/.2} consists of two clusters (Cluster A and
Cluter B) which are normally distributed N4 and Ny points, with means (—2, —2)
and (2, 2) respectively. The outlier cluster is also a set of N, normally distributed
points centered at (8, 8). The misclassification error of DRKM and KM for different
data points is given in Table The values are averaged over 200 trial runs. We see
that the DRKM performs better than KM in the low data regime.

Real World Dataset

In Experiment 3, we consider the worst-case performance on the Shuttle dataset
of the UCI repository [160]. The original dataset consists of 43, 500 data points
with d = 9 features. We sparsify the dataset to study the worst-case performance of
DRKM and KM in the low-data regime. We set o = 100 in this experiment. The
results are shown in Figure As observed in Figure we see that as the number
of data points N increases from 5 to 50, the difference in the worst-case performance
between the DRKM and KM decreases.
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Worst-Case Error

0 20 30 40 50
N
Figure 7.1: The trend of the worst-case error in Experiment 1, averaged over 30 trials
for each V. We see that as NV increases, the difference in the performance of DRKM
and KM decreases, signifying the performance improvement of DRKM over KM in
the low data regime.
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Figure 7.2: A realization of the dataset in Experiment 2. The blue points are in
Cluster A and the green points are in Cluster B. We see that the cluster center of KM
is shifted to the outlier cluster whereas the cluster center of DRKM, is close to the
true cluster (Cluster B) even in the presence of an outlier class and even when we
initialize DRKM with the output of KM.

7.6 Conclusion

We have introduced a distributionally robust variant of the classical k-means algorithm
that explicitly accounts for distributional shifts by minimizing the worst-case error
over a W, family of distributions. Our formulation leverages a Wasserstein-2
ambiguity set centered at the nominal distribution P, with a specified radius 7,
ensuring that the resulting cluster placements are optimal under uncertainty. We have
established that the proposed algorithm operates as a descent method and derived
the necessary conditions for the optimal positioning of K clusters. Numerical
simulations confirm the efficacy of our approach, demonstrating its performance

in data starved regime where traditional k-means may falter due to distributional
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Figure 7.3: The trend of the worst-case error in Experiment 3, averaged over 30 trials
for each V. We randomly pick /V data points from the dataset in our experiment.
We see that as NV increases, the difference in the performance of DRKM and KM
decreases, signifying the performance improvement of DRKM over KM in the low
data regime.

N, N N, Misclassification  Misclassification  r
Rate (%) (DRKM) Rate (%) (KM)

20 20 5 13.6 219 2.25

10 10 2 7.8 20.4 2.5

Table 7.1: The Missclassification Rate of DRKM and KM for different data samples.
We see that DRKM noticeably outperforms KM.

deviations. Future directions include studying the convergence gaurantees of the

algorithm.

7.A Proof of Lemma [7.3.1]

Since @ is a partition, for any x € Rd, there is exactly one k* € [K] for which
14+ () = 1. Then, we have that:

K 2
le = Qua (@)l = szzl Lo, (z)(x — uk)H , (7.33)
K 2
> min [z — pl|*. 7.35
= min 2 — gl (7.35)

Since this holds for any x € RR?, it also holds under the expectation operator over any
distribution P:

Ee (I - Oune )] = Br |nin o~ ). 7.36

Finally, the nearest neighbor partition for the given centroids M achieve this lower
bound. |



155

7.B  Proof of Theorem
Notice that the worst-case risk in (7.18)) is in the form of standard Wasserstein DRO
problem as

sup Ex.p[f(z | M)] (7.37)
PeB; (P,)

where f(z | M) = mingeg ||z — 1]|? is distance of a single point z € R? to the
nearest cluster centroid. Applying the strong duality of Wasserstein DRO in Gao and
Kleywegt [74, Thm. 1], we obtain

inf v + Ey 5, [sup flz | M) =~z — X0||2] , (7.38)
720 zeR?

inf yr? + — su mln x — -7z — =z, 7.39
= infy Z [ p min | el = | ] (7.39)

Notice that any choice of 7 < 1 would make the inner supremum over x € RY

infinity, thus restricting v > 1. |

7.C  Proof of Lemma

Note that the minimization over the indices inside the expectation in the primal

problem can be reexpressed as a minimization over the probability simplex:

2 . 2
min (xr — p;)° = min T — ;)T (7.40)
Zem( ;) Jnin iem( 4;)
= min E — ) 7.41
min B, (@ — )], (741

where [ is a random index in [/V] distributed according to the discrete probability
mass function m € Ag. Substituting this back to the definition in ( , we get
e’y<xn> M) = sup min E[ww [(x_MI)Q] _’7(37—370)27
zeR? TEAK
Note that the objective is strictly concave in z € R for v > 1, affine in 7 € Ag. As
the simplex A, C R"™ is convex and compact, and assuming R? C R is convex, the
sup and the min can be exchanged by Sion’s minimax theorem [212, Cor. 3.3] to

yield (7.21)). Furthermore, for R* = R, the inner min-max problem in (7.21)) admits
a saddle point (z*, ) € R? x Ay such that

e, = sup (D [(x — uf*)2] —y(x — $o)2, (7.42)
a:E]R
= min B, [ — pup)’] = (2" — a0)”. (7.43)

TEA K
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By strict concavity and smoothness of the objective (7.42)) in z, the supremum is
achieved by the unique stationary point 2* € R? that vanishes the gradient wrt .
Furthermore, any 7* € A that achieves the minimum in is a saddle point.

The expression in ([7.21]) can be further simplified by explicitly taking the supremum

of the quadratic objective over z, resulting in the equivalent expression

(s — By [111]) (7.44)

min By (2, - )]+ po—

7.D Proof of Theorem
Proof. Using ([7.22), we rewrite the dual optimization problem as follows:

-E X.])?
inf ”YT2+EXO~1PO, (:L‘n—/u)2+<x" [k | X))

f1seeestin €R Inm(X,) v—1
() R* A
y>1

Denoting the objective by F. (M, 7), note that it is differentiable and convex with
respect to jiy, ..., p, for fixed 7(-) : R — Ay and v > 1. Therefore, the
minimum wrt jiq, ..., u, is attained at the stationary points {y; }i—, satisfying

ORF., ({1 }iz1, ™) = 0, which is equivalent to:

. oz, —Eur | X,
EXONIPO |:_27Tk(Xo) (xn_:uk_ ,}/[IU/I | ]>:| = 0.

Rearranging the terms, we get

Ex,op, [ (Xo)m,(Xo)]
Ex,~p, [1:(Xo)] I~m(X,)

*
Mg =

The minimum wrt 7 for fixed M and v > 1 is achieved by (??) according to
Lemma Finally, the minimum wrt v > 1 when the rest of the variables are
fixed is achieved by the stationary point 0, F_+ ({47 }i=1,7") = 0 or equivalently:

E x.~p, [(€,—E[u;|X])?]

2 I*Nﬂ'*(Xo)
= _ — 0. (7.45)
(v —1)
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7.E  Proof of Lemma

Proof. Ttis clear that 7} (z,) = &, if and only if 2% (z,) =2, + (v — 1) " (v, — 7))
and |27 (z,)—Z4| < |2%(z,)—7| for | # k by Theorem Rearranging the
last term, one can obtain the equivalence of the last condition to =z, € &,
Note that since centroids are distinct, any given point can have, at most, two
closest points. This means that 7 (x,) cannot be a mixture of more than two
centroids. In that case, 7 (x,) = pdy+ (1 —p)dy4, for p € (0,1) if and only if
23(0) =2t (y—1) " (2o —pBy— (1—p)psr) and |2 () ~ Bp| = | ()~ By | <
|22 (z,)—7| for | # k,k+1 by Theorem This is possible if and only if

*

Ty

(o) =T, 11, i.e., the midpoint between two consecutive centroids, and thus
To =Tyl +47! <pfc\k+(1—p)§k+1—fc\k+%>. The range of p € [0, 1] allows z, to
take values only in @, , 1. Rearranging this relationship between p € [0, 1] and

Lo € 4,1 to express p in terms of z, yields p= %(1—7qk+%(xo)). |

7.F Proof of Theorem [7.4.2]
Proof. Denote by I ({Z;};_;, ) the objective used in the proof of Theorem
Then, given {xZ )},-:1 at iteration ¢ € N, we have that

7 € argmin F,({2{"}1, 7). (7.46)
w(-): X—=A,
Thus, we get
F ({70 Oy _ O ({7" 7.47
’y({l’z }2=177T ) Q r({xk }kG[N]) ( AT)

Similarly, given 7", the next iterate of centroids {@(t*”}:;l are given by:

{f§t+1)}? —argmmF({a: I (t)). (7.48)

Therefore, we get

E, (" he) = inf P, ({7 Y )
< E,({Z V), 7)
< ({7, 7) = QE, ({Z heem)-
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Chapter 8

INTRODUCTION AND MOTIVATION

8.1 Introduction

Autonomous control systems now permeate across critical domains, from self-driving
cars and power grids to manufacturing and rescue robotics, where their decisions carry
major economic and safety implications. Reliability is essential: a failure in control
can lead to major blackouts or endanger lives. Yet, these systems face environments
of unprecedented complexity and uncertainty, including interacting subsystems,
adversarial disturbances, noisy sensors, and incomplete models. Simultaneously,
they must meet stringent performance demands under resource constraints, requiring

trade-offs between objectives like cost, robustness, and safety.

Traditional design methods fall short. Stochastic approaches (e.g., LQG, H,) optimize
average-case performance but fail under model mismatch. Robust control (e.g.,
‘H..) guards against worst-case scenarios but at the cost of excessive conservatism,
ignoring useful statistical information. Recent data-driven methods enabled by
machine learning and reinforcement learning show strong empirical results but
remain brittle under distribution shifts and lack formal guarantees, risking unsafe

behavior in novel situations.

To address these limitations, a third paradigm has emerged: distributionally robust
control (DRC). DRC optimizes performance against worst-case distributions within
data-informed ambiguity sets, bridging the gap between stochastic and robust designs.
Complementary risk-aware methods (e.g., CVaR, entropic penalties) and multi-
criteria formulations (e.g., mixed H,/H ., chance constraints) offer further tools to

explicitly manage uncertainty, tail risk, and competing performance objectives.

Challenges with Controller Synthesis

Despite their promise, turning these elegant formulations into practical, real-time
deployable controllers poses severe analytical and computational hurdles. Finite-
horizon formulations lead to high-dimensional and intractable optimization problems
that scale poorly with the time horizon, making real-time implementation infeasible.
While receding horizon strategies (e.g., model predictive control) offer a workaround,

they often lack rigorous stability guarantees and may result in non-smooth, erratic,
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or myopic behaviors that hinder long-term performance.

A more principled solution lies in infinite-horizon controller synthesis, which offers
provably stable and performance-guaranteed policies with efficient online imple-
mentation. However, designing optimal infinite-horizon controllers for generalized
objectives remains a deeply challenging problem. To date, exact closed-form solu-
tions are known only for a few special cases, such as LQG, H, regret-optimal, and
entropic risk-sensitive control, while other widely studied formulations, including

mixed H,/H ., has so far been unresolved.

Furthermore, unlike LQG and H, problems, many of these problems, including
the mixed H,/H ., and Wasserstein DRC, generally admit only infinite-dimensional
(i.e., non-rational) optimal controllers without finite-state-space representations,
posing major barriers to practical real-time deployment. Although approximation
strategies—such as constraining to finite impulse response (FIR) controllers or
closed-loop responses—can reduce the problem to a tractable form, they introduce
new issues: they may fail to capture long-range dependencies or incur significant

suboptimality unless the memory length is taken prohibitively large.

Non-rational Control Framework
These realities underscore the need for a new generation of practical controller-

synthesis techniques that

* accommodate a wide array of performance metrics, including risk mitigation
and robustness under uncertainty, and other multi-objective criteria;

* ensure closed-loop stability,

* impose minimal computational overhead in real-time implementations,

* scale efficiently to high-dimensional, large-scale systems, and

* achieve near-optimal performance with provably negligible suboptimality gaps.

Recent breakthroughs including our own results on infinite-horizon Wasserstein
distributionally robust control [90], [124], [125], filtering [92]], [122] and the exact
infinite-dimensional solution of the mixed H,/H ., control [[158] reveal a unifying

lens: non-rational control framework.

Embracing the infinite-dimensional nature of control problems, this unified framework

offers new analytical and computational tools that render otherwise intractable
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controller design tasks both solvable and practically implementable. Crucially,
it adopts an optimize-then-approximate paradigm, enabling synthesis of provably
near-optimal, stabilizing finite-dimensional (rational) state-space controllers, even
when the true optimum resides in an infinite-dimensional (non-rational) policy class.

The framework is built on the following key components:

1. Infinite-dimensional convex duality. By formulating the control objective at
the operator level and invoking convex duality, the original design problem
with generalized performance criteria is recast as a tractable optimization

program.

2. Efficient numerical solution. Exploiting the Fourier-domain (transfer-function)
representation of the dual variables allows the use of standard, scalable
optimization algorithms (e.g., first-order methods) to compute the exact

infinite-dimensional optimum.

3. Rational controller synthesis. A novel rational-approximation scheme
translates the infinite-dimensional solution into finite-order controllers that
are guaranteed to be stabilizing and within a quantifiable performance gap,

enabling practical real-time deployment without sacrificing performance.

The non-rational control framework integrates and extends H,, H.., distributionally
robust, risk-sensitive, regret-optimal, and multi-objective control paradigms into a
cohesive framework that enables scalable real-time implementation. The underlying
numerical optimization and rational controllers synthesis algorithms are highly
efficient in terms of computational complexity and horizon independent, as opposed
to finite-horizon formulations which scale with the time-horizon. Moreover, the
resulting near-optimal rational controllers significantly outperform those derived
from restrictive policy classes, such as those obtained from Finite Impulse Response

(FIR) approximation.

8.2 Infinite-Horizon Control via Closed-Loop System Responses

Consider a linear time-invariant (LTI) dynamical system in discrete-time:
xt+1 - A:Ut + Buut + wat7 (8.1)

where 2, € R% is the state, u, € R% is the control input, and w, € R* is the
disturbance at time t. Here, (A, B,,) is stabilizable and (A, B,,) is controllable,
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namely there exists a matrix K, € R%*% such that A — B,K, is stable and the
controllability matrix [Bw AB, ... Adm_le] is full-rank.

We restrict attention to strictly causal LTI controllers that observe past disturbances
to generate control inputﬂ These controllers take the form:
u =Y K,_w,, with Ky =0 (8.2)
s<t

where (K,);2, are the Markov parameters (or the impulse response) of the controller.

We are interested in the evolution of the state and control input trajectories as
functions of the control policy (K,).—, and the disturbance process (w;). When
only a finite time horizon 7" > 0 is considered, and assuming z, = 0 for simplicity,
the relationship between the state, control input, and disturbance trajectories can be

compactly expressed as:

X7 = qu,TuT + Pzw,TWT7 (833-)

Uur = ’CTWT, (83b)

where the stacked trajectories are defined as:

Lo Ug Wo
. T ) Uq ) w1

XT = X s uT = . s WT = . . (84)
T urp wr

For i € {u,w}, the matrices P,; 7 and K are strictly block lower-triangular and
defined by:

- -
B, 0

Puir = | AB; B, 0 ; (8.5)
A™'B, A™?B, ... B, 0
C -
K, 0

Kp=|K, K 0 . (8.6)

Ky Krq ... Ki 0]

"This is closely related to the standard state-feedback policies, as one can recover w,_; from
Ty, Ty_q, us_1 when By, is full column rank, via w,_; = (BLB,) "Bl (z, — Az, 1 — Byu,_1).
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These block-Toeplitz matrices succinctly encode two convolutional operations: one
maps past inputs and disturbances to the state trajectory (via the system dynamics),
and the other maps past disturbances to the control inputs (via the strictly causal

controller).

As the horizon extends to infinity (i.e., 7' — 00), the finite-length trajectories
X1, Up, W become infinite-dimensional sequences x, u, w and the block-Toeplitz
matrices P, r, Py, 7, Kr naturally extend to infinite-dimensional block-Toeplitz
operators P, P.., /C. In this limit, the relationship between state, control input,

and disturbance trajectories analogously satisfy:

x =Pu+P,,w, (8.7a)
u=Kw, (8.7b)

Observe that (8.7) constitutes an infinite system of linear equations in which the
disturbance process w serves as the independent input. Eliminating u via substituting
the control law u = Kw into the state equation yields the closed-loop transfer

operator mapping disturbances to the resulting state and control trajectories:

8.8
c (8.8)

T : W [X], T =
u

The block-operator 7y characterizes the closed-loop behavior induced by the con-

troller K, i.e., describing how disturbances propagate through both the plant and

1 e . X
the controller. We will similarly use the notation Ty, : W | to denote the
ur

closed-loop transfer matrix over a finite horizon 7" > 0.

Many control problems can be cast as optimization tasks, where the goal is to
design a controller K, typically subject to constraints such as stability, sparsity, or
structural requirements, that optimizes a performance objective defined in terms of

the closed-loop transfer operator 7. More formally,

inf  f(7x) subjectto K e 7. (8.9)

s.causal /C

where f is the performance objective to be minimized and %" is the set of admissible
control policies. The formulation naturally incorporates both constraints on the
controller K through the admissible set 2" and on the induced closed-loop behavior
captured by 7 through f.



164

At this level of generality, however, it is difficult to characterize or compute optimal
solutions, even when the objective function f and the admissible set %" are both
convex, due to the infinite-dimensional nature of the problem. Consequently, much
of the research in control theory has historically focused on specific problem classes
of significant practical importance, most notably 745, 777, and regret optimal control
[191].

In the following subsections, we review several standard control problems and
outline their corresponding solution strategies. We conclude with a discussion of
various other control problems, including mixed objective criteria and Wasserstein
distributionally robust control, highlighting the key challenges associated with their

implementation and tractable synthesis.

6,-Optimal Control via Wiener-Hopf Technique

Problem 8.2.1 (77;-Optimal Control). Find a strictly causal LTI control policy K
that minimizes the 7, norm of the closed-loop transfer operator Ty, i.e.,

inf || Txll3 = tr(Tc Te), (Hy)

s.causal IC

Here, the trace of an infinite-dimensional block Toeplitz operator X is defined by the

Fourier integral

tr(X) : i/Tr Tr(X () dw (8.10)

:27'('

—m
where Tr is the usual trace of matrices and X (z) = Y 5> X,z " at z € Ciis the

transfer function representation of the Toeplitz operator X

The 7, objective naturally arises in various operational contexts, most notably in the

stochastic Linear-Quadratic Regulator (LQR) problem. Given positive-semidefinite
state and control weighting matrices () € $"+ and R € Si’ﬁr, the controller seeks to

minimize the average expected cost:

1
lim = FE

S (8.11)

T
T T

5 x; Qry + u; Ruy

=0

Here, the disturbances are modeled as random variables drawn from a known

probability distribution, and the expectation is taken with respect to this distribution.

Specifically, suppose disturbances constitute a white Gaussian noise process, i.e.,
" A(0, %) where & - 0.

(wy) "~
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For notational convenience, one can take the positive-definite matrices (), R and X
to be identity matrices without loss of generalityﬂ by reparameterizing the dynamical
variables as z; Ql/ 2L Uy RY TR Y %, and the state-space parameters
as A — QYV2AQ Y%, B, — QY*B,R"V* and B,, — QY*B, x>

The cumulative LQR cost upto time 7" can be simplified as
T
E (>l Que+ul Ruy| = E [[lxrll + Jlur|]. (8.12)
t=0

Using the finite-horizon closed-loop mapping, we can write the cumulative cost in

terms of the controller /C and the disturbances w as

E Wi Tk, Te,wr] = E [Te(T¢, Te, wrwr)]
= Tr(T¢, Tk, Elwrwr]),

where we used the cyclical property of trace and the linearity of expectation and trace.
The expectation E[w,w7] is simply the autocorrelation matrix of the disturbance
process, which is the identity matrix. Thus, the cumulative expected cost incurred
upto time 7" is the squared Frobenius norm of the finite-horizon closed-loop mapping:
1T, Iz = Tr(T&, Tx,). Therefore, the squared #%3-norm in the infinite-horizon
setting can be though of as the limit of horizon-normalized squared Frobenius norm:

1 1 R
ITell = tim 2T I} = lim = TH(TE, 7). 813

Before we outline the solution strategy for the .7 problem, it is worthwhile to
investigate the quadratic term 7 7. Expanding this term and completing the squares,
the controller term /C can be isolated as follows:
= (K—=K)(Z+ P.,P..)(K-K,)
+ wa (I - qu (I + P;upmu)_lpzu>7)xwa
where K, is defined aﬂ

’Co = _(I + P;upzu)_lpzupzw (814)

*While this transformation requires () > 0, a similar reduction can be performed even when Q) is

singular by defining a new output variable s, = Ql/ 2xt and considering the closed-loop mapping to
s instead of the state.

3One must exercise particular caution when working with inverses or other analytic functions
of infinite-dimensional operators, as the resulting operators may not belong to the same space (e.g.,
trace class) unlike the finite-dimensional case, where such operations are typically well-behaved. We
set aside these technical considerations for now and focus on the core conceptual insights.
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Clearly, the last term in the expansion of 7, T does not depend on K and therefore is
an additive constant in after the taking the trace. When the strict causality constraint
is ignored, the squared 7% objective IC — tr(7x Tx) admits its unique minimum
at IC,, which we call as the optimal non-causal controller, and the constant simply
becomes

T T, = Pow(T — PouZ + P Pri)” P Pru (8.15)

One approach to synthesizing the strictly causal .7Z;-optimal controller is to explicitly
enforce the strict causality constraint via Lagrange multipliers and derive the
associated Karush—Kuhn—Tucker (KKT) conditions. However, we instead present a

significantly more elegant method, originally developed by Wiener and Hopf [239].

Theorem 8.2.2 (Solution of .77 Control via Wiener-Hopf Technique). The ;-

optimal control problem (Hy)) admits the following unique optimal solution:
Ky = ATH{AK,}S, (8.16)

where A is causal with bounded and causal inverse A~ and satisfies the canonical
spectral factorization A*A\ = T + P P

Here, the notation { X'} and { X'} _ refer to the strictly causal (i.e., strictly lower-
block-triangular) and anticausal (i.e., upper-block-triangular) components of the
block Toeplitz operator X, respectively. These projections take a particularly simple

form when X is expressed in its power series representation:

{(X}(2) =) _Xz', {X}(2)= ) X" (8.17)

t=—00

Below, we provide a proof sketch of Theorem [8.2.2]in the infinite-horizon setting.
To keep the presentation streamlined, we suppress some of the finer technical
details related to spectral factorization, simply viewing it as the infinite-dimensional

analogue of Cholesky decomposition.

Proof. Since T + P, P,.,A"A is strictly positive-definite and bounded below by
the identity map Z, it admits a canonical spectral factorization A*A = 7 + P, P,..
where A is causal and non-singular, and its inverse A~!is causal and bounded. We

modify the expansion of 7, T by distributing the operators A and A™:

TeTe = (AK — AK,) (AK — AKL) + T2 Tre, (8.18)
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As the last term is independent of K, the optimal solution of Problem [8.2.1] is

equivalent to the solution of the following:

inf ||JAK — AK,|l5. (8.19)

s.causal 1C

Notice that the multiplication AKC is always causal whereas AKX, is non-causal. The
squared .77, norm of any operator X’ can be decomposecﬂ as the sum of squared 773

norms of its s. causal { X'}, and anticausal projections { X'} _, namely
12113 = {115 + {5 (8.20)
Therefore, we can decompose the objective as

inf A — (A} + [{AK) [ (8.21)
Setting AKX = {AK,}, and noting that the inverse A™! of the causal spectral
factor is also causal, one gets the unique optimal controller by inverting X =

ATHAK ), u

This procedure, often referred to as the Wiener—Hopf technique, amounts to or-
thogonally projecting the non-causal term AK, onto the subspace of strictly causal

operators, thereby yielding the .7;-optimal controller.

€ and Regret Optimal Control via Nehari Problem

The 7., norm of T corresponds to its operator norm as a mapping from ¢,(7Z) to

gg(Z), i.e.,

[ Tiewll _ y
Tkl = sup ———— = max o(Tx(e")) (8.22)
wely /{0} HWH we[0,27)

Generalized Control Objectives

In this section, we introduce a broad class of optimal control problems that can
be formulated as minimization of an objective function defined over the squared
closed-loop transfer operator, |77C]2 = T Tic. We show that various well-known
control problems fall into this class, including standard 7%, and 77 control as well

as risk-sensitive, Wasserstein distributionally robust, and mixed 7% / 7 control.

To be more concrete, consider the following general optimal control problem:

*For intuition, simply think of the 7% norm as the infinite-dimensional analogue of Frobenius
norm
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Problem 8.2.3 (General Control Problem). Given a convex function f : £, — R,

find a causal and stabilizing LTI controller K € %, that minimizes the objective

K — f(TETe), e,

p = inf f(T¢Ty), (P)

Kex

where p, € R is the optimal value.

It should be noted that (P) may not be convex program even though the function
C — f(C) and the constraint X € %" are convex. A trivial counter example is
f(C) = —tr(C), in which case, (P) becomes concave and the optimal value is

Px = —OQ.

Therefore, we make the following assumption to ensure (P) is a well-posed convex

program.

Assumption 8.2.4. The convex function f : £, ($%) R is monotonically
G

_>
non-decreasing over the psd cone, i.e., f(C;) < f(Cy) for 0 < C; < Cs.

This sufficient condition on f implies the convexity of I — f(7¢ Tx) since the
quadratic mapping K — T T is convex with respect to the positive-definite order
of operators, i.e., Ty Ty < Ao To + (1 — AT Ty where Ty, = T, + MTie, — Tx,)
for any /Cy, /C; and A € [0, 1]

We first illustrate various control problems subsumed by this class of objectives.

Henceforth, we use the notation

1 [T . .
(€, M) = 5_./ Tr(C(e)* M (™)) duw (8.23)
L
Example 8.2.5 (Mixed .77,/ 77, control).
inf ||7cl5 subjectto ||Txllo < 7. (8.24)
s.causal /C

with the associated objective function

2
Froe (@ =tr(e) 4 1= (8.25)

+00, 0.W.
Unlike the pure .77, and pure .77 controllers, it was proved by [165] that the optimal
mixed 74/ 7 controller is non-rational whenever the %, constraint is active.
Since non-rational functions do not admit finite-dimensional state-space realizations,
researchers mostly focused either on finite-dimensional approximations or more

tractable auxiliary objectives.



169
Example 8.2.6 (H,, optimal control). For p € [1, oo]

inf || Tillz, = 17Tkl (8.26)

s.causal /C

fH2p(C) = [|C]|, (8.27)
Example 8.2.7 (Risk-sensitive control). The risk-sensitive control objective aims to
minimize an exponential cost, formulated below

inf  ~log (EWN]PO [ele*TéTKW]) , (8.28)

s.causal K

where v > 0 is the risk parameter and P, is a nominal probability distribution
of the disturbances. The expectation above should be understood formally as the
time-averaged limit of finite-horizon risk-sensitive costs. The convex function

corresponding to this problem is given by

fors(C) = vlog (EWPO [e“lw*CWD (8.29)

With the decreasing value of v, The risk-sensitive objective resolves the gap between
smaller and larger cost values. It penalizes higher cost levels relatively more than the
smaller values as v decreases. This essentially incentivizes the controller to be more

risk-averse to reduce the chances of yielding higher costs.

In the special case of the nominal distribution P, of disturbances forming a stationary
Gaussian process with auto-covariance operator M, > 0, the risk-sensitive objective
simplifies further to

inf —% logdet(Z — 2y T2 TeM.), (8.30)

s.causal C

where logdet(-) should be understood as tr(log(-)).

The corresponding convex function then becomes
Frs(©) = = logdet(Z — 297 CM.) 8.31)

Example 8.2.8 (Wasserstein distributionally robust control). When the ambi-
guity set of plausible probability distributions of disturbances is constructed as a
Wasserstein-2 ball, the distributionally robust controller can be obtained by solving
the following primal optimization problem:

inf  r? +ytr [(T—7"TeTe) ' —T) M.], (8.32)

s.causal /C,
*
> 1Tk Ticlloo
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where M, € .Z," is the auto-covariance operator of the nominal disturbance process,
which is assumed to be weakly stationary, and v is a Lagrange multiplier determined
by the desired radius of the Wasserstein-2 ball, » > 0. The corresponding convex

function for this optimization problem then becomes:

fw,(©) = inf A +ytr[(Z—-7"C)" —I)M,]. (8.33)

7>(Cllos

The suboptimal problem is

inf  ytr [(Z - 7_1’775'7%)_1} (8.34)

s.causal C

The corresponding objective function is

frw, (€)= ytr [(T—~7C)] (8.35)

Remark 8.2.9 (Norm interpretation).

sup /(T2 T, M) (8.36)

Men

is a norm for T whenever . Nint(.%(S,)) # @, that is, there exists a strictly
positive definite element M > 0 of .Z .

Summary of Non-Rational Control Approach
Step 1: Derive the dual problem using Fenchel conjugate f* (M) := supe, o (C, M) —
f(C) of the objective:

sup inf (TgTg, M) — (M) (8.37)

M=0 Kext

Step 2: Solve the inner minimization over K for a given M > 0 using the Wiener-
Hopf technique:
K, =AYAKLY L] (8.38)

where LL* = M is the canonical spectral factorization.

Step 3: Derive the expression for the subgradient 0 f*(,M) of the conjugate function
/™ and solve for the saddle point (K,, M, ) to get the optimal controller:

Te, T, € 0f"(M,) (8.39)
K, =AYAK L), L (8.40)

where £, L; = M, is the canonical spectral factorization.
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Step 4: To solve numerically, derive the gradient 0 f* (M) in the Fourier domain, and
simply implement a first-order gradient based method by propagating thee gradient
information for each individual frequency over a large number of frequency samples
on [0, 27]

Step S: Obtain a finite-dimensional approximation solution via rational approxima-
tion of the positive definite transfer function M, (¢’*') and then find the approximate

controller via Wiener-Hopf technique

Notations

The letters N, Z, R, and C denote the set of natural numbers, integers, real, and
complex numbers, respectively. T denotes the complex unit circle. For z € C, |z is
its magnitude, and 2" is the conjugate. $'} denotes the set of positive semidefinite
(psd) matrices of size n xn. Bare calligraphic letters (KC, M, etc.) are reserved for
operators. Z is the identity operator with a suitable block size. For an operator M,
its adjoint is M”*. For a matrix A, its transpose is AT, and its Hermitian conjugate
is A*. For psd operators/matrices, 3= denotes the Loéwner order. For a psd operator
M, both v/ M and /\/l% denote the PSD square-root. { M}, and { M} _ denote the
causal and strictly anti-causal parts of an operator M. M (z) denotes the z-domain
transfer function of a Toeplitz operator M. tr(-) denotes the trace of operators and
matrices. ||-|| is the usual Euclidean norm. ||-||,, and |[-||, are the J# operator)
and .77, (Frobenius) norms, respectively. Probability distributions are denoted by P.
L@p(Rd) denotes the set of distributions with finite p™ moment over a R?. E denotes
the expectation. The Wasserstein-2 distance between distributions P, P, € R? is
denoted by W, (PP, IP,) such that

. 1/2
W,(Py, Py) 2 (inf B [|lw, —ws|?]) ", (8.41)
where the infimum is over all joint distributions of (w,, w,) with marginals w; ~ P,

and wy ~ P,

8.3 A Primer on Operator Theory and Functional Analysis

Throughout this thesis we fix p € [1,00| and two finite—dimensional real in-
ner—product spaces V = R% and W = R", each endowed with their Euclidean
norm || - ||. Sequences indexed by Z,N = {0, 1,2, ...} taking values in V are
collected in the standard /,, spaces,

0,(Z; V) and €,(N; V), 1 <p<oo,
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all equipped with their usual norms. Boldface letters (e.g. v) denote sequences, while
capital calligraphic letters (e.g. £) denote linear operators acting on such sequences.
Given a Banach space X, we write X for the space of bounded linear operators

on X and Hom(V, W) for the space of linear maps from V to W.
Fundamental shift and projection operators.

* (Szeg6 projection) Szeg6: (,,(Z; V) — £,(N; V) denotes the causal projection
Szegbv), = v, 1;,>n. Itis a bounded idempotent operator (Szegs®> =
g {n=0} p p g

Szeg@) for every p € (1, 00)[180].

* (Bilateral shift) The operator Z : (,(Z; V) — (,(Z; V) is defined by (Zv),, ==

V,+1. For p = 2, Z is a unitary isomorphism and hence an isometry on /.

* (Unilateral shift) The operator Z, : /,(N; V) — ¢,(N; V) acts as (£, v),, ==
V,41- Its adjoint on ¢, satisfies Z; Z, = Z but Z, Z} # 7, hence Z_ is an

isometry, yet not unitary.

Fourier transforms. Let T := {z € C: |z| = 1} be the unit circle equipped with
dw

o2r

normalised Haar measure

iwn

o Fily(Z;V) S Ly(T; V), (FV)(€¥) =3, cpVae~

o F, : l,(N;V) = Hy(T;V) is the restriction of F to non—negative indices,
where H, denotes the Hardy space of square—integrable analytic functions

onT.

Both maps are unitary and extend to £,—L, isomorphisms via the Hausdorff—Young

inequality.

Laurent operators and transfer matrices. An operator £ € By (Z; V), lo(Z; W)
is Laurent (a.k.a. convolution or bi—infinite Toeplitz) if it commutes with the bilateral
shift: £LZy = ZwL. Equivalently, there exists a bounded measurable function
L : T — Hom(V, W)—the transfer matrix—such that

(Fu LFj)(z) = L()e(z), @ € Ly(T; V).
We denote the corresponding Banach space by

£,(V,W) = {£ Laurent : L € L,(T; Hom(V,W))},
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endowed with [|£| ¢ = [|L|[;,. When V = W we abbreviate .£,(V) = .Z,, and in

the scalar case we write .ZP(]R"Xd) or, for self-adjoint operators, %(Sd).

Positivity and order. A self-adjoint M € .2, is positive (written M 3= 0) if
(w, Mw) > 0 for all w € (,(Z; V). Equivalently, its transfer matrix M (z) satisfies
M(z) = 0 a.e. on T. The cone .Z;,(S‘i) is closed and convex; the Loewner order is
givenby M = N & M —N = 0.

Hardy sub-algebras. The causal Laurent operators are those with analytic transfer
matrix: L € H,(T); their collection is the sub-algebra JZ,(V,W) C .Z,(V,W).
The strictly anti—causal operators form JZ,” (V, W).

Szegd and Cauchy projections. For £ € .Z, we write {L}, (resp. {£}_) for its
causal (resp. strictly anti—causal) part obtained by projecting the Fourier series of
L onto non—negative (resp. neAgative) indices. The Szegd projection {L} 1 further
splits the zeroth coefficient L, symmetrically; its kernel is the classical Hilbert
transform operator . For 1 < p < oo these projections are bounded on .Z), by the

Marcinkiewicz—Pichorides theorem[180].

Orthogonal decomposition. In .%, the causal projection is orthogonal, yielding
the direct sum decomposition %, = 4 & "

Signal and system norms. For L € L,(T;V) we set

1

™ . 1/p
Il = (5 [TIEEPas) " 1sp<oe bl = essup L))
™) _x z€T

For £ € %,(R"*) we define the (trace) %, norm by

1 T iw l/p
Il = (er1ep)” = (5 [ TriEpas)

with the usual modification for p = oco. Duality is given by the bilinear form

(C, M) =tr(C"'M) = % /W Tr(C(e*)* M(e")) dw.

—Tr

For 1 < p < oo we have the Banach duality (.£,)" = .Z, with 1/p+1/q = 1, while

£ and .Z,, are non—reflexive.
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Analytic and Wiener algebras. We write W (T) for the Wiener algebra of abso-
lutely summable Fourier series and A(ID) (“disk algebra™) for functions analytic in
the open unit disk I and continuous on T. Inclusions W (T) C C(T) C L (T) are

standard.

Any causal G(z) =Y~ G,z € H™™(D") has exponentially decaying Markov
parameters and admits an exponentially stable (possibly infinite—dimensional)

state—space realization; a constructive proof is included verbatim from the original
draft .

The sequel relies on a handful of classical facts from topological vector space theory;

we record them for completeness.

Definition 8.3.1 (Topological Vector Space). A topological vector space (tvs) is a
vector space 2 over R or C endowed with a Hausdorff topology 7 making addition

(x,y) — = + y and scalar multiplication (\, ) — Az jointly continuous.

Definition 8.3.2 (Local convexity, Fréchet, Banach, Hilbert). A tvs is locally convex
if 0 admits a neighbourhood basis of convex sets. A Fréchet space is a complete,
metrizable, locally convex tvs. A Banach space is a complete normed space, and a

Hilbert space is a Banach space whose norm arises from an inner product.

Definition 8.3.3 (Weak and weak™ topologies). Let 2" be a Banach space with
dual Z*. The o(Z, Z") topology—the coarsest making all elements of 2"
continuous—is called the weak topology. On 2, the o( 2™, Z") topology is the
weak” topology.

Theorem 8.3.4 (Banach—Alaoglu). The closed unit ball of 2" is compact in the
weak”™ topology.

Theorem 8.3.5 (Sequential Banach—Alaoglu). For a Banach space Z  the following

are equivalent:

i. Z isseparable;
ii. the dual unit ball is weak™—metrizable;
iii. the dual unit ball is sequentially compact in the weak™ topology.

Theorem 8.3.6 (Mazur). If x,, — x weakly in a Banach space, then there exists a

sequence of convex combinations y,, € conv{x,,...,x,} such that ||y, — x| — 0.
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Theorem 8.3.7 (Krein—Smulian — weak™ closed convex sets). Let 2 be Banach, %"
the dual unit ball. A convex € C X" is weak” closed iff € N r %" is weak™ closed
for every r > (.

Theorem 8.3.8 (Krein—Smulian — weak compact convex hulls). If € C 2 is norm
(resp. weak) compact, then its norm (resp. weak) closed convex hull is norm (resp.

weak) compact.

Theorem 8.3.9 (Goldstine). In a Banach space %2, the canonical embedding
X — X maps the unit ball densely (for the weak” topology) inside the bidual
unit ball.

Theorem 8.3.10 (Eberlein—Smulian). In a Banach space, relative compactness,
sequential compactness, and countable compactness coincide for subsets endowed

with the weak topology.

Theorem 8.3.11 (Bishop—Phelps). In a Banach space every continuous linear
functional can be approximated in norm by functionals attaining their norm on a
given closed, bounded, convex set. Consequently, support functionals are norm—dense

in the barrier cone and support points are dense on the boundary.

Theorem 8.3.12 (James reflexivity criterion). A Banach space Z  is reflexive iff

every x* € 2" attains its norm on the closed unit ball of Z .

Theorem 8.3.13 (Brondsted—Rockafellar). Fora proper, convex, lower—semicontinuous
f: Z — Ry the points where the subdifferential O f (x) is non—empty are dense in
dom f.

Theorem 8.3.14 (Interior of the positive cone). For1 < p < oo the cone Pos(.Z,,) =
{X¥ € £, X = &7, X = 0} has empty norm—interior, whereas Pos(Z,,) has

non—empty interior.

Definition 8.3.15 (Non—commutative .Z,)). Let (M, 7) be a finite, faithful, normal,
tracial von Neumann algebra. For 1 < p < oo the non—commutative space L, (M)
is the completion of M under the norm |[|z||,, = 7(|z|P)"?; we set L (M) = M.

The particular case M = L (T, M,(C)) is used implicitly when dealing with
matrix—valued Laurent operators.

Theorem 8.3.16 (Marcel Riesz). For1 < p < oo the Hilbert transform M : L,(T) —
L,(T) is bounded, and so is the Szegd projection {-} 41
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Theorem 8.3.17 (Paley—Wiener). A function f € H,(T) extends analytically to
|z| > 1 if and only if its Laurent coefficients decay exponentially.

Theorem 8.3.18 (Douglas lemma). Given A, B € ZH between Hilbert spaces, the
operator equation AA™ = BB" admits a contraction C with B = C A if and only if
ran B C ran A.

Theorem 8.3.19 (von Neumann bicommutant). A unital *~subalgebra N C BH is
a von Neumann algebra if and only if N' = N

Theorem 8.3.20 (Non—commutative Jensen inequality). Let f : R — R, be
convex, M € L withtr M = 1, and C € £, such that specC C dom f. Then

F{E, M) < (M, f(C)).

8.4 A Primer on Linear Systems Theory
Consider the following discrete-time linear and time-invariant (LTI) state-space
model:
Ty = Az + By, + By,
y = Cyry + Dyuy + Dyyywy, (8.42)
2z = C,xy + D, uy + D, wy;.

Here, z, € R% denotes the latent state, Uu; € R% and wy € R% are respectively
the control input and exogenous disturbance, and y, € R% and z, € R are
respectively the observed output and the regulated output at time ¢ € Z. The matrices

(A, B;,C,, D,;) are of appropriate dimensions for i € {u, w}, o € {y, z}.

Input-Output Representation

The state-space representation in (8.42) can be represented more succinctly as
linear operators from the space of input sequences to the space of output sequences.
Concretely, we introduce the sequences x = {x, };cz for the states, u == {u; }cz
for the control inputs, w = {w, },c, for the exogenous disturbances, y = {v; }+cz
for the observed outputs, and z = {z, },., for the regulated outputs. We do not yet

impose the exact spaces where these sequences live other than RZ,

The relationship between the inputs (u, w) and the outputs (y, z) is captured by the
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open-loop plant transfer operator P as follows:

D u = Y| a Py Pyuw| |1
w z P.o P.wl |W
b Al B, B, (8.43)
where [Py“ wa =| C, | Dyu Dy,
- - CZ DZU DZ'LU

Here, for each input i € {u,w} and output o € {y, z}, the notation P,; : i — o
represents the transfer operator mapping the input i to the output o. As the underlying
system is causal and time-invariant, P,; is a causal (d, x d;)-block Laurent operator,
i.e., P,; € Laurent for i € {u,w}, o € {y, s}. Moreover, the notation in the right-
hand side of (8.43) means that the z-domain transfer matrix function corresponding

to the transfer operator P,, is given as:

P,(2) = C,(2I — A" B; + D,;, for i € {u,w}, o € {y,s} (8.44)

Closed-Loop Control

We consider causal LTI controllers that map observed outputs up to time ¢ € Z to

the current control input u,; via a convolution:

wo=y K.y, WeEL (8.45)

s<t

where {[A( bso € R%*% are the Markov parameters (aka impulse response) of the
controller. Similar to the dynamics of the open-loop plant, this relationship can be
captured globally as

K:y—u:=Ky, (8.46)

where K is a causal (d,, x d,)-block Laurent operator, i.e., K € Laurent.

Notice that, we avoid making assumptions regarding the internal structure of the
class of controllers as opposed to many prior works on controller synthesis. This
is rather intentional as several optimal controllers of interest do not possess such a
priori internal state-space structures. Therefore, we keep the class of controllers as

general as possible by considering causal LTI controllers.

For a feedback loop between the plant P and a controller K to be well defined, a

controller must ensure invertibility of [ — DyulA( o € Ry,
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Given a feedback systems (P, K), the closed-loop transfer function T : w — z

from disturbances to regulated output is given by
T = Pk (Z — PpK) ' Py + Pruy. (8.47)

Note that, invertablity of I — DyuIA(O ensures invertibility of 7 — P, K.

7 ——1— ——W
! P l
Ly .
: K
1 77C'

Figure 8.1: Closed-loop Plant-Controller System

Stability and Controller Parametrization

It is crucial that a synthesized controller "stabilizes" a plant in the closed-loop
feedback. The notion of stability in dynamical systems is usually understood to be
zero-input asymptotic stability of the internal state, also called as internal stability.
For a meaningful definition of internal stability, a meaningful notion of internal state
is needed. However, when an internal structure is not imposed a priori, and the system
in consideration is only known by its input-output mapping, then internal stability
may not be a well-defined notion. For instance, a stable system known only through
by its transfer function might have might have unstable poles which are canceled
by zeros. However, in many cases, either the underlying state-space structure is
known or a system known only by its transfer function is assumed to be realized by
its minimal degree state-space realization if it exists. Rational transfer function are
special in the sense that, they always admit a finite order state-space realization, and
therefore, one can still talk about internal stability of such input/output systems via

its minimal degree realizations.

However, when the transfer function of the input/output system is not a rational
function, then the underlying system cannot be realized by a finite degree state-space
model. Such systems may still posses an a priori notion of internal state-space
structure, although infinite dimensional one, such as PDEs or continuous time-delay
systems. If such an a priori notion of state-space is available, it is still possible to
talk about internal stability meaningfully, although there might be various notions of

internal stability due to various notions convergence in infinite dimensional spaces.
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However, unless such a state-space structure is given a priori, internal stability is not

a meaningful notion for input/output system with non-rational transfer function.

While we assumed the underlying plant is equipped with a priori state-space structure,
an arbitrary causal LTI controller with a non-rational transfer function does not admit
such a natural state-space structure, which makes the notion of internal stability an
ill-posed notion for the closed-loop system 7 as no internal closed-loop state can be
identified.

Therefore, we shift our focus to external stability, which is a purely a property of
systems as input/outputs maps as opposed to internal stability. A system can b be
externally stable if inputs of certain type always lead to outputs of certain type. In
this paper, we will mostly be concerned with the bounded energy signals, therefore,
we define a system to be stable of ¢,-norm bounded signals are always mapped to
¢5-norm bounded outputs. For causal LTI systems, ¢, /{,-external stability coincides
with bounded .77 -norm of the underlying transfer function of the system. We simply

call a causal Laurent operator 7 stable if || 7| ,,_ < +o0.

Assumption 8.4.1. The subsystem P, : u — y is stabilizable and detectable, i.e.,
(A, B,) is stabilizable and (A, C,) is detectable.

Theorem 8.4.2 (Youla Parametrization [251, Lem. 3][213, Thm. 1][67, Ch. 4]).
Under Assumption the following statements hold:

i. The causal rational transfer operator P,,, admits a doubly-coprime factoriza-
tion P, = N, D, L' = D' such that

yl _‘X‘l Dr Xr o
_M Dl '/\/;‘ yr a
d, Xd, d, Xd,

where N, Ny € BAL ™, X, % € RAL ™, DY, € RAZ ™,

d, xd .
D, Y, € BAL" are rational and stable transfer operators.

Zy, 04« d,

, (8.48)
04,xa, Za,

ii. A causal controller K is input/output (resp. internally) stabilizing the plant P

if and only if there exists a Youla parameter Q € P (resp. 7 duxely )
such that)
K=(X -D,Q) (. —N, Q" (8.49)

Sequivalently K = (V) — QN;) (X, — QD))
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iii. The closed-loop transfer operator (8.47) under an input/output (resp. inter-
nally) stabilizing controller can be re-expressed in terms of its Youla parameter
d,, xd

Qe t%”oi“Xdy (resp. Z7 " ") as

To=TQT, +T; € Hy < Qe A, (8.50)

dy, X dy,

where T, = —P,,D, € RAZ"", Ty == D/P,, € RAL "™, and T; =
Pow + PouX, DiPy,, € R 4w qre rational and stable transfer operators.

The theorem is true for any integral domains, including exponentially stable holo-

morphic functions, disk algebra, 7€, X7
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Chapter 9

INFINITE-HORIZON DISTRIBUTIONALLY ROBUST CONTROL

9.1 Introduction

Addressing uncertainty is a core challenge in decision-making. Control systems in-
herently encounter various uncertainties, such as external disturbances, measurement
errors, model disparities, and temporal variations in dynamics [53], [88]. Neglecting
these uncertainties in policy design can result in considerable performance decline

and may lead to unsafe and unintended behavior [[196].

Traditionally, the challenge of uncertainty in control systems has been predominantly
approached through either stochastic or robust control frameworks [S1], [121]], [255].
Stochastic control (e.g., Linear—Quadratic—Gaussian (LQG) or H,-control) aims
to minimize an expected cost, assuming disturbances follow a known probability
distribution [101]]. However, in practical scenarios, the true distribution is often
estimated from sampled data, introducing vulnerability to inaccurate models. On the
other hand, robust control minimizes the worst-case cost across potential disturbance
realizations, such as those with bounded energy or power (H ., control) [260]. While
this ensures robustness, it can be overly conservative. Two recent approaches have

emerged to tackle this challenge.

Regret-Optimal (RO) Control. Introduced by [82], [191], this framework offers
a promising strategy to tackle both stochastic and adversarial uncertainties. It
defines regret as the performance difference between a causal control policy and a
clairvoyant, non-causal one with perfect knowledge of future disturbances. In the
full-information setting, RO controllers minimize the worst-case regret across all
bounded energy disturbances [82], [191]. The infinite-horizon RO controller also
takes on a state-space form, making it conducive to efficient real-time computation
[191].

Extensions of this framework have been investigated in various settings, including
measurement-feedback control [81]], [91], dynamic environments [80], safety-critical
control [48]], [161], filtering [82], [193], and distributed control [162]. While
these controllers effectively emulate the performance of non-causal controllers in
worst-case disturbance scenarios, they may exhibit excessive conservatism when

dealing with stochastic ones.
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Distributionally Robust (DR) Control. In contrast to traditional approaches such as
H, or H, and RO control that focus on a single distribution or worst-case disturbance
realization, the DR framework addresses uncertainty in disturbances by considering
ambiguity sets — sets of plausible probability distributions [7], [8], [30], [93], [131]],
[220], [24°7]. This methodology aims to design controllers with robust performance
across all probability distributions within a given ambiguity set. The size of the
ambiguity set provides control over the desired robustness against distributional

uncertainty, ensuring that the resulting controller is not excessively conservative.

The controller’s performance is highly sensitive to the chosen metric for quantifying
distributional shifts. Common choices include the total variation (TV) distance
[227], [228]], the Kullback-Leibler (KL) divergence [60], [149], and the Wasserstein-2
(W,) distance [7]], [30], [89], [[123], [219]], [220]. The controllers derived from
KL-ambiguity sets [60]], [[178] have been linked to the well-known risk-sensitive
controller [115], [216]], [237], which minimizes an exponential cost (see [96] and the
references therein). However, distributions in a KL-ambiguity set are restricted to be
absolutely continuous with respect to the nominal distribution [[109], significantly

limiting its expressiveness.

In contrast, W,-distance, which quantifies the minimal cost of transporting mass
between two probability distributions, induces a Riemannian structure on the space
of distributions [23 1] and allows for ambiguity sets containing distributions with both
discrete and continuous support. Thanks to this versatility and the rich geometric
framework, it has found widespread adoption across various fields, including machine
learning [9], computer vision [151]], [177]], estimation and filtering [153], [|186]],
[203]], data compression [26]], [144], [157], and robust optimization [24], [[74]], [[134],
[257]. Moreover, the W,-distance has emerged as a theoretically appealing statistical
distance for DR linear-quadratic control problems [219] due to its compatibility
with quadratic objectives and the resulting tractability of the associated optimization
problems [74].

Contributions

This paper explores the framework of Wasserstein-2 distributionally robust regret-
optimal (W,-DR-RO) control of linear dynamical systems in the infinite-horizon
setting. Initially introduced by [219] for the full-information setting, W,-DR-
RO control was later adapted to the partially observable case by [89]. Similarly, [220]

derived a DR controller for the partially observed linear-quadratic-Gaussian (LQG)
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problem, assuming time-independent disturbances. These prior works, focusing on
the finite-horizon setting, are hampered by the requirement to solve a semi-definite
program (SDP) whose complexity scales with the time horizon, prohibiting their

applicability for large horizons.

Our work addresses this limitation by considering the infinite-horizon setting where
the probability distribution of the disturbances over the entire time horizon is assumed
to lie in a W,-ball of a specified radius centered at a given nominal distribution. We
seek a linear time-invariant (LTI) controller that minimizes the worst-case expected
regret for distributions adversarially chosen within the W,-ambiguity set. Our

contributions are summarized as follows.

1. Stabilizing time-invariant controller. As opposed to the finite-horizon controllers
derived in [8]], [89]], [93]], [219]], [220], the controllers obtained in the infinite-horizon
setting stabilize the underlying dynamics (Corollary [9.3.4))

2. Robustness against non-iid disturbances. In contrast to several prior works that
assume time-independence of disturbances [/, [8], [93], [131], [220], [247], [258]],
our approach does not impose such assumptions, thereby ensuring that the resulting

controllers are robust against time-correlated disturbances.

3. Characterization of the optimal controller. We cast the W,-DR-RO control
problem as a max-min optimization and derive the worst-case distribution and the
optimal controller using KKT conditions (Theorem [9.3.2)). While the resulting con-
troller is non-rational, lacking a finite-order state-space realization (Corollary[13.4.3),
we show it admits a finite-dimensional parametric form (Theorem[13.4.2)).

4. Efficient computation of the optimal controller. Utilizing the finite-dimensional
parametrization, we propose an efficient algorithm based on the Frank-Wolfe method
to compute the optimal non-rational W,-DR-RO controller in the frequency-domain
with arbitrary fidelity (Algorithm [).

S. Near-optimal state-space controller. We introduce a novel convex program that
finds the best rational approximation of any given order for the non-rational controller
in the 77_-norm (Theorem(9.5.5)). Therefore, our approach enables efficient real-time

implementation using a near-optimal state-space controller (Lemma[9.5.7).

Notations: The letters N, Z, R, and C denote the set of natural numbers, integers,
real, and complex numbers, respectively. T denotes the complex unit circle. For
2z €C, |z| is its magnitude, and z” is the conjugate. S’} denotes the set of positive

semidefinite (psd) matrices of size n xn. Bare calligraphic letters (1, M, etc.) are
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reserved for operators. Z is the identity operator with a suitable block size. For an
operator M, its adjoint is M™. For a matrix A, its transpose is AT, and its Hermitian
conjugate is A*. For psd operators/matrices, 3= denotes the Loewner order. For a psd
operator M, both /M and M? denote the PSD square-root. { M}, and {M}_
denote the causal and strictly anti-causal parts of an operator M. M(z) denotes
the z-domain transfer function of a Toeplitz operator M. tr(-) denotes the trace of
operators and matrices. ||-|| is the usual Euclidean norm. ||-||,, and ||-||, are the
A, operator) and 775 (Frobenius) norms, respectively. Probability distributions are
denoted by IP. ,@p(Rd) denotes the set of distributions with finite ™ moment over a
R?. E denotes the expectation. The Wasserstein-2 distance between distributions
P,, P, € R is denoted by W, (PP, P,) such that

W (Py, Py) 2 (inf B [|lw, —w|?])"?, 9.1)

where the infimum is over all joint distributions of (w, w,) with marginals w; ~ P,

and wy ~ P,

9.2 Preliminaries
Linear-Quadratic Control
Consider a discrete-time, linear time-invariant (LTI) dynamical system expressed as

a state-space model given by:
Ty = Axy + Byuy + Byw,, s = Cay. 9.2)

Here, z, € R% is the state, S € R% is the regulated output, u, € R% is the
control input, and w, € R% is the exogenous disturbance at time t. The state-
space parameters (A, B,,, B,,, C') are known with stabilizable (A, B, ), controllable
(A, B,,), and observable (A, C'). The disturbances are generated from an unknown

stochastic process.

We focus on the infinite-horizon setting, where the time index spans from the infinite
past to the infinite future, taking values in Zﬂ Defining the doubly-infinite column
vectors of regulated output s:= (s,;),cz, control input u:= (u,),cz, and disturbance
process w = (w, ),z trajectories, we can express the temporal interactions between
these variables globally by representing the dynamics (9.2) as a causal linear

input/output model, described by:

s =Fu+Ggw, 9.3)

"The doubly-infinite horizon is chosen for simplicity in derivations, but the results are extendable
to a semi-infinite horizon.
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where F and G are strictly causal (i.e., strictly lower-triangular) and doubly-infinite
dgxd, and d, x d,-block Toeplitz operators, respectively. These operators describe
the influence of the control input and disturbances on the regulated output through
convolution with the impulse response of the dynamical system (9.2)), which are

completely determined by the model parameters (A, B,,, B,,, C).

Control Policy. We restrict our attention to the full-information setting where the
control input u, at time ¢ € Z has access to the past disturbances (w;)__... In
particular, we consider linear time-invariant (LTI) disturbance feedback controlﬂ
(DFC) policies that map the disturbances to the control input via a causal convolution
sum:

= Z;_m R, .w, forall teZ. 9.4)

The sequence {I?t},?io of d, x d,, matrices are known as the Markov parameters of
the controller. Similar to the causal linear model in (9.3)), the controller equation
in (9.4) can be expressed globally by u = Kw, where K is a bounded, strictly
causal, d,, x d,,-block Toeplitz operator with lower block-diagonal entries given by

the Markov parameters. The set of causal DFC policies is denoted by 7.

Cost. At each time step, the control inputs and disturbances incur a quadratic
instantaneous cost s; s, +u; Ru,, where R > 0. Without loss of generality, we take
R = I by redefining BuR_% — B, and R%ut — u,. By defining the truncated
sequences Sy == (st)tT:_o1 and up, = (ut)tT:_o1 the cumulative cost over a horizon of

T €N is simply given by
costr(u, w) = [[sr ]| + ur|®. 9.5)

The Regret-Optimal Control Framework

We aim to design controllers that reduce the regret against the best offline sequence
of control inputs selected in hindsight. For a horizon 7', the cumulative regret is
given by

REGRETy (U,W) :=costy(1,w) —min costp(u',w). (9.6)
ur

We highlight that the minimization on the right-hand side is among all control input
sequences, including non-causal (offline) ones. The regret-optimal (RO) control

framework, introduced by [191]], aims to craft a causal and time-invariant controller

*Youla parametrization enables the conversion between a DFC controller and a state-feedback
controller [251]].
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IC e % that minimizes the steady-state worst-case regret across all bounded energy
disturbances. This can be formally cast as

1
Yro = inf limsup — sup Recrer;(Kw,w). 9.7)
Kex T—oo HWT||2§1

In the full-information setting, the best sequence of control inputs selected in hindsight

is given by u, = K,w where
K, =—(T+FF)FG, (9.8)

is the optimal non-causal policy [101]. Since a non-causal controller lacks physical
realization, the optimal RO controller, Ky represents the "best" causal policy,
attaining performance levels akin to the optimal non-causal policy K., which enjoys

complete access to the disturbance trajectory in advance.

Exploiting the time-invariance of dynamics in (9.2) and the controller K € 7,
Sabag, Goel, Lale, et al. [191] demonstrates the equivalence of to the following:

inf sup wWRxw= inf [|[Ril s, 9.9)
Kex ||W||2§1 Kex

where ||w|| is the ¢;-norm, and Ry, which we call the regret operator, is given as
R = (K—-K,)(ZT+FF)K-K,). (9.10)

The resulting controller closely mirrors the non-causal controller’s performance
under the worst-case disturbance sequence but may be conservative for stochastic

disturbances.

Distributionally Robust Regret-Optimal Control

This paper investigates distributionally robust regret-optimal control, seeking to
devise a causal controller minimizing the worst-case expected regret within a
Wasserstein-2 (W,) ambiguity set of disturbance probability distributions. The
W,-ambiguity set #7(IP,, ) for horizon T is defined as a W,-ball of radius of 7> 0

centered at a nominal distribution P, - € & (Rwa ), namely:
Wir(P., 1) ::{IPe,@(Rwa)\W2(]P, IPo)ng}. 9.11)

In contrast to (9.7)), which addresses the worst-case regret across all bounded energy
disturbances, our focus is on the worst-case expected regret across all distributions
within the W,-ambiguity set, as defined by Taha, Yan, and Bitar [219]

Reg;(K,rr):= sup Ep_[Recrery(Kw,w)],
Pre#r(Pop,rr)
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where Ep,_, denotes the expectation such that wp ~ Pp. In the infinite-horizon case,
this cumulative quantity diverges to infinity. Therefore, we focus on the steady-state

worst-case expected regret, as defined by [[123]]:

Definition 9.2.1. The steady-state worst-case expected regret suffered by a policy
IC € % is given by the ergodic limit of the cumulative worst-case expected regret,
ie.,
Reg_ (K, r) := limsup 1 Reg, (K, rr). (9.12)
Tooo 1
To ensure the limit in (9.12) is well-defined, the asymptotic behavior of the ambiguity

set must be specified. For this purpose, we make the following assumption.

Assumption 9.2.2. The nominal disturbance process w, := (w, ;);c7 forms a zero-
mean weakly stationary random process with an auto-covariance operator M, =
(Mo t—s )t sezs i, Ep_[w, w! ;] = M, ,_,. Moreover, the size of the ambiguity set

for horizon 7" scales as r~ r+/1T'for a r > 0.

The choice of 7 o< /T aligns with the fact that the W,-distance between two
random vectors of length 7', each sampled from two different iid processes, scales

proportionally to /7.

While the limit (9.12)) is well-defined under Assumption[9.2.2] it can still be infinite
depending on the chosen controller K. Notably, a finite value for (9.12) implies
closed-loop stability. In Problem [9.2.3] we formally state the infinite-horizon
Wasserstein-2 W,-DR-RO problem.

Problem 9.2.3 (Distributionally Robust Regret-Optimal Control ). Find a causal
LTI controller, K € %, that minimizes the steady-state worst-case expected re-

gret (9.12), i.e.,

S 1
inf Reg. (K,r)= inf limsup = Reg, (K, 7). (9.13)
Kex Ke# T—oo 1

In Section [9.3] we provide an equivalent max-min optimization formulation of

Problem[0.2.3]

9.3 A Saddle-Point Problem

This section presents a tractable convex reformulation of the infinite-horizon W,-
DR-RO problem. Concretely, Theorem [9.3.1] introduces an equivalent single-
variable variational characterization of the steady-state worst-case expected regret
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(©.12)) incurred by a fixed time-invariant controller. Exploiting this, we show in
Theorem [9.3.2] that Problem [9.2.3]reduces to a convex program over positive-definite
operators via duality. Moreover, we characterize the optimal controller and the worst-
case distribution via KKT conditions. All the proofs of the subsequent theorems are

deferred to the Appendix.

Two major challenges are present in solving the Problem [0.2.3] ergodic limit in
(9.12)) and causality constraint in (9.13)). Firstly, the ergodic limit definition of the
worst-case expected regret for a fixed policy K € # requires successively solving
optimization problems with ever-increasing dimensions. To address this challenge,
we leverage the asymptotic convergence properties of Toeplitz matrices and derive an
equivalent formulation of as an optimization problem over a single decision
variable as in Kargin®, Hajar", Malik”, er al. [123]]. Similar to the time-domain
derivations of 7%, and risk-sensitive controllers in the infinite horizon, the resulting
formulations involve the Toeplitz operators R.. This result is presented formally in

the subsequent theorem.

Theorem 9.3.1 (A Variational Formula for Reg__ [123, Thm.5]). Under Assump-
tion the steady-state worst-case expected regret Reg. (K, r) incurred by a
causal policy KC € X is equivalent to the following:

inf  ytr[(Z—7"Re)™" — I)M,] +r°. (9.14)

720, IRy

which takes a finite value whenever Ry is bounded. Additionally, the worst-case

disturbance is obtained from w, = (I — 'y:lR,C)_lwo where 7, is the optimal solution

of (O.14) satisfying tr [((Z — YR — I)2Mo} =7’

Notice that the optimization in (9.14) closely mirrors the finite-horizon version
presented by Taha, Yan, and Bitar [219, Thm. 2], with the key difference being the

substitution of finite-horizon matrices with Toeplitz operators.

The second challenge is addressing the causality constraint on the controller. When
the causality assumption on the controller is lifted, the non-causal policy K, achieves
zero worst-case expected regret since R becomes zero and so the worst-case
regret by Theorem [9.3.1] While this example illustrates the triviality of non-causal
W,-DR-RO problem, the minimization of worst-case expected regret objective in

(9.14)) over causal policies is, in general, not a tractable problem.

Leveraging Fenchel duality of the objective in (9.14), we address the causality

constraint by reformulating Problem[9.2.3]as a concave-convex saddle-point problem
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in Theorem [9.3.2] so that the well-known Wiener-Hopf technique [120], [239] can be
used to obtain the optimal W,-DR-RO controller (see Lemma[9.C.2] for details). To
this end, let A*A = Z+F"F be the canonical spectral factorizatiorﬂ where both A
and its inverse A" are causal operators. We also introduce the Bures-Wasserstein

(BW) distance for positive-definite (pd) operators defined as

2

1 1
BW(Ml, MQ)Q =tr Ml +M2—2(M22M1M22)
where M, M, = 0 with finite trace [20].

Theorem 9.3.2 (A saddle-point problem for \W,-DR-RO). Under Assumption[9.2.2}
Problem reduces to a feasible concave-convex saddle-point problem given as

sup inf tr(ReM) st. BW(M, M) <r. (9.15)
M0 Kext

Letting IC 5, = AYAK, Y, be the # controller, the unique saddle point (KC,, M,)
of (0.15) satisfies:

Ky =K+ A {{AK} L}, L (9.16a)

M, = (T =7 Rie,) " Mo(T = 7%"Rec,) ", (9.16b)

where L, L; = M, is the canonical spectral factorization with causal and uniqueﬁ
L, and L, and ~, >0 uniquely satisfies tr [((Z — vleK* _— I)2Mo} =7

This result demonstrates that the optimal W,-DR-RO controller integrates the .7,
controller with an additional correction term that accounts for the time correlations
in the worst-case disturbance, w,, which are encapsulated by the auto-covariance

operator M,

Remark 9.3.3. As r — oo, the optimal ~, approaches the lower bound Vgo =
infic 4 [[Rillo and K, recovers the regret-optimal (RO) controller. Conversely, as
r — 0, the ambiguity set collapses to the nominal model as v, — oo and K, recovers the
6, controller when M, =Z. Thus, adjusting 7 facilitates the W,-DR-RO controller

to interpolate between the RO and .77, controllers.

We conclude this section by asserting the closed-loop stability of (9.2)) under the
optimal W,-DR-RO controller, K,. This stability directly results from the saddle-
point problem (9.15)) achieving a finite optimal value.

Corollary 9.3.4. K, stabilizes the closed-loop system.

3Analogues to Cholesky factorization of finite matrices.
*See the note in Section about the uniqueness of £
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9.4 An Efficient Algorithm

In this section, we introduce a numerical method to compute the saddle-point
(K., M,) of the max-min problem in (9.15)). While both (XC,, M,) are non-rational,
i.e., do not admit a finite order state-space realization, Theorem (13.4.2|states that M,
possesses a finite-dimensional parametric form in the frequency domain. Exploiting
this fact, we conceive AlgorithmEf], a procedure based on the Frank-Wolfe method,
to compute the optimal M, in the frequency domain. Furthermore, we devise
a novel approach to approximate the non-rational M, in 7, -norm by positive
rational functions, from which a near-optimal state-space W,-DR-RO controller can
be computed using (9.16a). We leave the discussion on the rational approximation
method to Section[9.5]

To enhance the clarity of our approach, we assume for the remainder of this paper that
the nominal disturbances are uncorrelated, i.e., M,=Z. Additionally, we utilize the
frequency-domain representation of Toeplitz operators as transfer functions, denoting
M as M(z), L as L(z), K as K(z), and similarly for other operators, where z € C.

An Iterative Optimization in the Frequency Domain

Although the problem is concave, its infinite-dimensional nature complicates the
direct application of standard optimization tools. To address this challenge, we
employ frequency-domain analysis via transfer functions, allowing for the adaptation
of standard optimization techniques. Specifically, we utilize a variant of the Frank-
Wolfe method [68]], [116]. Our approach is versatile and can be extended to other
methods, such as projected gradient descent [83]] and the fixed-point method in [123].
Furthermore, the convergence of our method to the saddle point (KC,, N,) can be
demonstrated using standard tools in optimization. Detailed pseudocode is provided
in Algorithm#]in Section

Frank-Wolfe: We define the following function and its (Gateaux) gradient [43]:

O(M) £ inf tr (ReM) 9.17)
Kex
VO(M)=LT*{AK. L} {AK.LY_L7". (9.18)

where LL* = M is the spectral factorization. Rather than directly solving the
optimization (9.13)), the Frank-Wolfe method solves a linearized subproblem in
consecutive steps. Namely, given the k™ iterate M, the next iterate M 18
obtained via

M,= argmax  tr(VOM,) M) (9.19a)
M=, BW(M,T)<r
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Mg = (1 =) My, + nkﬂky (9.19b)

where 7, € [0, 1] is a step-size, commonly set to 7, = k—i2 [116]. Letting R, :=

V& (M,;) be the gradient as in (9.17), Frank-Wolfe updates can be expressed
equivalently using spectral densities as:

My (2) = (I = Ri(2)) (9.20)
M1 (2) = (=) My (2) + My (2), Vz €T (9.21)

where ;> 0 solves tr [((Z — Ry =T )2] =r?. See Sectionfor aclosed-form

Discretization: Instead of the continuous unit circle T, we use its uniform discretiza-
tion with N points, Ty = {¢/*™N | n, = 0,..., N — 1}. Updating M, (z) ata
frequency z using the gradient 12, (z) at the same z requires M, (z') at all frequencies
2 € T due to spectral factorization. Thus, M, (z) depends on M, (2") across the

entire circle. This can be addressed by finer discretization.

Spectral Factorization: For the non-rational spectral densities M (z), we can
only use an approximate factorization [199]]. Consequently, we use the DFT-based
algorithm from Rino [188], which efficiently factorizes scalar densities (i.e., d,, = 1),
with errors diminishing rapidly as /N increases. Matrix-valued spectral densities
can be factorized using various other algorithms [58]], [243]. See Section for a

pseudocode.

Bisection: We use bisection method to find the ;, > 0 that solves tr [((Z — YRy T )2} =
7% in the Frank-Wolfe update (9.20). See Section [9.E]for a pseudocode.

Remark 9.4.1. The gradient Ry,(z) requires the computation of the finite-dimensional
parameter via ([13.30)), which can be performed using N-point trapezoidal integration.
See Section [9.E] for details.

We conclude this section with the following convergence result due to [116], [135].

Theorem 9.4.2 (Convergence of M ). There exists constants ¢ >0, depending on
discretization N, and k>0, depending only on state-space parameters (9.2) and r,
such that, for a large enough N, the iterates in (9.19) satisfy

2K
k+2

B(M,) — B(My) < (1 + ). 9.22)
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9.5 Rational Approximation

The preceding section determined that the optimal solution, denoted as N, is non-
rational and lacks a state-space representation. Nevertheless, Algorithm []introduced
in Section 0.4] can effectively approximate it in the frequency domain. Indeed, after
convergence, the algorithm returns the optimal finite parameter, I',, which can be
used to compute N, (z) at any arbitrary frequency using Theorem and thus
K, (z) (see Algorithm E| in Section . However, a state-space controller must be

devised for any practical real-time implementation.

This section introduces an efficient method to obtain state-space controllers approx-
imating the non-rational optimal controller. Instead of directly approximating the
controller itself, our method involves an initial step of approximating the power
spectrum N, (z) of the worst-case disturbance to minimize the J#, -norm of the
approximation error using positive rational functions. While problems involving
rational function approximation generally do not admit a convex formulation, we
show in Theorem [0.5.5] that approximating positive power spectra by a ratio of
positive fixed order polynomials can be cast as a convex feasibility problem. After
finding a rational approximation of N,(z), we compute a state-space controller
according to (9.164d). For the sake of simplicity, we focus on scalar disturbances, i.e.,
d,=1.

State-Space Models from Rational Power Spectra

As established in Theorem[9.3.2] the derivation of a optimal controller K, is achieved
through the positive operator N, = £, L, using the Wiener-Hopf technique. Specifi-
cally, we have K, = K, + A {{AK,}_L,} N £, L, Since other controllers of
interest, including .75, 77, and RO, can all be formulated this way, we focus on

obtaining approximations to positive power spectra.

It is worth noting that a positive and symmetric rational approximation N (z) of order
m € N can be represented as a ratio N (z) = P(z)/Q(z) of two positive symmetric
polynomials P(2) = po + 37 pe (2" + 27%), and Q(2) = qo + o1, (2" + 27%).
When such P(z), Q(z) exist, we can obtain a rational spectral factorization of N(z)

by obtaining spectral factorization for P(z), and Q(z).

Finally, we end this section by stating an exact characterization of positive trig.
polynomials. While verifying the positivity condition for general functions might
pose challenges, the convex cone of positive symmetric trigonometric polynomials,

T+ Possess a characterization through a linear matrix inequality (LMI), as outlined
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below:

Lemma 9.5.1 (Trace parametrization of .7, , [55, Thm. 2.3]). For k=[-m,m),
let ®;, € RO b the primitive Toeplitz matrix with ones on the k™ diagonal
and zeros everywhere else. Then, P(z) = py + Y 1, (2" 4+ 2) > 0 if and only

if there exists a real positive definite matrix P € STH such that

Pr = tr(P@k), k= 0, oo, . (923)

According to Lemma any positive trig. polynomial of order at most m can
be expressed (non-uniquely) as P(2) = S;__ tr(P®,)z " = tr (PO(z)). Here,
O(z) = __ O

Rational Approximation using .77_-norm

In this context, we present a novel and efficient approach for deriving rational
approximations of non-rational power spectra. Our method bears similarities to
the flexible uniform rational approximation approach described in [207]], which
approximates a function with a rational form while imposing the positivity of the
denominator of the rational form as a constraint. Our method uses .7Z_-norm as
criteria to address the approximation error effectively. First, consider the following

problem:

Problem 9.5.2 (Rational approximation via H_-norm minimization). Given a
positive spectrum N, find the best rational approximation of order at most m € N

with respect to H_, norm, i.e.,

inf ||P/Q—-N]|| st. tr(Q)=1 (9.24)

,Pvgejm,+

Note that the constraint tr(Q) =1, equivalent to g, =1, eliminates redundancy in the

problem since the fraction P/Q is scale invariant.

While the objective function in Equation (9.24)) is convex with respect to P and Q
individually, it is not jointly convex in (P, Q). In this form, Problem is not

amenable to standard convex optimization tools.

To circumvent this issue, we instead consider the sublevel sets of the objective
function in Equation (9.24).

Definition 9.5.3. For a given ¢ > 0 approximation bound, the e-sublevel set of
Problem is defined as

Se={(P,Q) | |P/Q-N| e tr(Q)=1}.
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Figure 9.1: Variation of A with r and the performance of the W,-DR-RO controller
versus the H,, H,, and RO controller.

By applying the definition of .7Z_-norm, we have that
IP/Q-Nll=max |P()/Q(2) - N(2)| < e

{P(Z)—(N(ZHG) Q(z) <
<~

! (9.25)
P(2)=(N(2) =€) Q(2) 0.

where the last set of inequalities hold for all z € T. Notice that the inequalities in
Equation (9.25) and the positivity constraints on P, Q are jointly affine in (P, Q).

Moreover, the equation tr(Q) = 1 is an affine equality constraint. Therefore, we
have the following claim.

Lemma 9.5.4. The set .7, is jointly convex in (P, Q).
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Unlike its non-convex optimization counterpart in Problem [0.5.2] a membership
oracle for the convex set .7, offers a means to obtain accurate rational approximations
for non-rational functions. According to Lemma[9.5.1] the positive trig. polynomials
(P, Q) € .. can be parameterized by psd matrices P and Q. This allows the equality
constraint tr(Q) and the affine inequalities in to be expressed as Linear Matrix
Inequalities (LMIs) in terms of P and Q. The resulting theorem characterizes the
e-sublevel sets.

Theorem 9.5.5 (Feasibility of .#,). Let ¢ >0 be a given accuracy level, and m € N
is a fixed order. The trig. polynomials P and Q of order m belong to the e-sublevel
set, (P, Q) € .. if and only if there exists P, Q € ST such that tr (Q) = 1 and
forall z €T,

1) tr (PO(2) 0, (9.26)
2) tr (PO(2))—(N(z)—¢) tr (QO(2))>0. (9.27)

T
=
O
+
N
-+
=

o
@
O
IA

The sole limitation in this approach arises from the fact that for a non-rational N (z),
the set of infinitely many inequalities in (9.23) cannot be precisely characterized
by a finite number of constraints, as seen in the trace parametrization of positive
polynomials. To overcome this challenge, one can address the inequalities in (9.25))
solely for a finite set of frequencies, such as Ty = {¢/*™" | n=0,...,N — 1}
for N > m. While this introduces an approximation, the method’s accuracy
can be enhanced arbitrarily by increasing the frequency samples. By taking this
approach, the problem of rational function approximation can be reformulated as a
convex feasibility problem involving LMIs and a finite number of affine (in)equality

constraints.

It is crucial to note that our algorithm can be used in the following two operational
modes. These modes highlight the algorithm’s adaptability for the given two use

cases.

1. Best Precision for a given degree By adjusting the parameter €, which signifies
our tolerance for deviations from M (¢’*), we can refine the approximation’s
accuracy. This method is particularly valuable when finding the best possible

polynomial representation of M (ej ) for a given degree.

2. Lowest Degree for a given precision In contrast, we can ask for the lowest

degree polynomial, which achieves a certain precision level €. This mode is
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Figure 9.2: The control costs of different DR controllers under (a) white noise and
(b) worst disturbance for W,-DR-RO in infinite horizon, for system [AC15]. The
finite-horizon controllers are re-applied every s = 30 steps. The infinite horizon
W,-DR-RO controller achieves the lowest average cost compared to the finite-horizon
controllers.

advantageous when the priority is to minimize computational overhead or when
we need a simpler polynomial approximation, as long as the approximation

remains within acceptable accuracy bounds

Obtaining State-Space Controllers
Note that given the polynomial z-spectra, we require its spectral factorization to
obtain the state-space controller that approximates the W,-DR-RO controller. The

following Lemma introduces a simple way to obtain such an approximation
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Figure 9.3: The control costs of different DR controllers under (a) worst disturbances
for W,-DR-RO in finite horizon and (b) worst disturbances for DR-LQR in finite
horizon, for system [AC15]. The finite-horizon controllers are re-applied every
s = 30 steps. Despite being designed to minimize the cost under specific disturbances,
the finite horizon DR controllers are outperformed by the infinite horizon W,-DR-
RO controller.

Lemma 9.5.6 (Canonical factor of polynomial z-spectra [199, Lem. 1]). Consider a
Laurent polynomial of degree m, P(z) =Y " pszk, with p;, = p_;, € R, such
that P(z) > 0. Then, there exists a canonical factor L(z) = 31" 2" such that
P(z2) = |L(2)|* and L(z) has all of its root in T.

Using Lemma[9.5.6] we can compute spectral factors by factorizing the symmetric
positive polynomials and multiplying all the factors with stable roots together.

Consequently, this rational spectral factor enables the derivation of a rational
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controller, denoted as K (z) (refer to Section[9.5)).

Now we present the W,-DR-RO controller in state-space form.

Lemma 9.5.7. Let L(z) be the rational factor of the spectral factorization N (z) =
L(2)*L(2)=P(2)/Q(z) of a degree m rational approximation P(z)/Q(z). The con-

troller obtained from L(z) using (9.16)), i.e., K ()= Ko (2HA(2) {{A(Z)Ko(z)},f/(z) }+

is rational and can be realized as a state-space controller as follows:
e(t+1) = Fe(t) + Guw(t), u(t) = He(t) + Jw(t)) (9.28)

where e, is the controller state, and (ﬁ, CN;, ﬁ, j) are determined from (A, B, B,,)
and L(z).

9.6 Numerical Experiments

In this section, we present the performance of the W,-DR-RO controller, compared
to H,, H, regret-optimal and other finite-horizon DR controllers. We present
frequency domain and time-domain evaluations, and we showcase the performance of
the rational approximation method. We employ benchmark models such as [REA4],
[AC15], and [HE3] from [[145]. In the frequency domain simulations, results for
[REA4] and [HE3] are presented. In the time domain simulations for the aircraft
model [AC15] are presented, with additional simulations provided in Appendix
The [REA4] is a chemical reactor model and [HE3] is a helicopter model with 8 states
each. The [AC15] is an aircraft model with 4 states. We perform all experiments
using MATLAB, on an Apple M1 processor with 8 GB of RAM. We specify the

nominal distribution as a Gaussian, with zero mean and identity covariance.

Frequency Domain Evaluations
We investigate the behaviour of the W,-DR-RO controller and its rational approxima-

tion for various values of the radius 7.

To show the behavior of the worst-case disturbance we plot its power spectrum
N (e’) for three different values of the radius 7 for the [AC15] system in Figure
As can be seen for » = 0.01, the worst-case disturbance is almost white, since that
is the case for the nominal disturbance. As r increases, the time correlation of the

worst-case disturbance increases, and the power spectrum becomes peaky.

For the [AC15] system, the worst-case expected regret cost, as outlined in (9.2.1]),
for W,-DR-RO, the H,, H,, and RO controllers. are depicted in Figure We

observe that for smaller r, the W,-DR-RO performs close to the H, controller.

L

(=)



199

However, as r increases, the worst-case regret is close to the regret achieved by the
RO controller. Throughout the variation in r, the W,-DR-RO achieves the lowest
worst-case expected regret among all the other mentioned controllers.

To implement the W,-DR-RO controller in practice, we need a rational controller.
P(?)

Q(e™)
[9.5]for [AC15] and degrees m = 1,2, 3. The performance of the resulting rational

controllers is compared to the non-rational W,-DR-RO in Table As can be seen,

We find the rational approximation of N (e’) as using the method of Section

the rational approximation with an order greater than 2 achieves an expected regret

that well matches that of the non-rational for all values of r.

[ [r=0.01] r=1 [ r=15 | r=2 [ r=3 |
DRRO 59.16 302.08 488.57 | 718.20 | 1307.12
RA(1) 60.49 | 33394.74 | 4475.70 | 9351.89 | 2376.77
RA(2) 59.58 303.33 491.75 | 723.96 | 1318.98
RA(3) 59.57 302.41 489.49 | 719.72 | 1309.85

Table 9.1: The worst-case expected regret of the non-rational W,-DR-RO controller,
compared to the rational controllers RA(1), RA(2), and RA(3), obtained from degree
1, 2, and 3 rational approximations to N (e’*).

Time Domain Evaluations

We compare the time-domain performance of the infinite horizon W,-DR-RO con-
troller to its finite horizon counterparts, namely W,-DR-RO and DR-LQR, as outlined
in [219]. The latter controllers are computed through an SDP whose dimension
scales with the time horizon. We plot the average LQR cost over 210 time steps,
aggregated over 1000 independent trials. Figure illustrates the performance of
DR controllers under white Gaussian noise, while[9.2b] [9.3al, and [9.3b| demonstrate
responses to worst-case noise scenarios dictated by each of the controllers, using

r = 1.5. For computational efficiency, the finite horizon controllers operate over
a horizon of only s = 30 steps and are re-applied every s steps. Their worst-case
disturbances in[9.3a) and [9.3b] are also generated every s steps, resulting in correlated
disturbances only within each s steps. Our findings highlight the infinite horizon
W,-DR-RO controller’s superior performance over all four scenarios. Note that
extending the horizon of the SDP for longer horizons to come closer to the infinite
horizon performance is extremely computationally inefficient. These underscore the

advantages of using the infnite horizon W,-DR-RO controller.
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9.7 Future Work

Our work presents a complete framework for solving the DR control problem in the
full-information setting. Future generalizations would address our limitations. One
is to extend the rational approximation method from single to multi input systems.
Another is to extend the results to partially observable systems where the state is
not directly accessible. Finally, it would be useful to incorporate adaptation as the

controller learns disturbance statistics through observations.

9.A Organization of the Appendix

This appendix is organized into several sections:

First, Section provides notations, definitions, and remarks about the problem

formulation and uniqueness of the spectral factorization.
Next, Section[9.C|contain proofs of the duality and optimality theorems in Section[9.3]

Subsequently, Section is dedicated to proofs of lemmas and theorems related
to the efficient algorithm discussed in Section 9.4, and Section describes the
pseudo-code of the algorithm.

Further, Section [9.F contains the proof of the state-space representation of the

controller presented in Section[9.5]

Finally, additional simulation results are presented in Section 9.H

9.B Notations, Definitions and Remarks
Notations

In the paper, we use the notations in Table 9.2 for brevity.

Explicit Form of Finite-Horizon State Space Model
Consider the restrictions of the infinite-horizon dynamics in (9.3) to the finite horizon

as
St = .FTuT + QTWT. (929)
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Symbol Description
State at time ¢
Regulated output at time ¢
Control input at time ¢
Exogenous disturbance at time ¢
State transition matrix
Control input matrix
Disturbance input matrix
Regulated output matrix
Control input cost matrix
Finite-horizon operator for control input
Finite-horizon operator for disturbance
Infinite-horizon operator for control input
Infinite-horizon operator for disturbance
|- |l Euclidean norm
|- 12 5 (Frobenius) norm
H_ (operator) norm
E Expectation
H Set of causal (online) and time-invariant DFC policies
Hp Set of causal DFC policies over a horizon 7'
Ry Regret operator
M Auto-covariance operator for disturbances
L
N
W,
)

Q| WP = QT | B |5 | |2

|- lloo

Unique, causal and causally invertible spectral factor of M = LL*
The unique positive definite operator equal to L L

Wasserstein-2 metric

Symmetric positive polynomial matrix

tr(-) Trace of a Toeplitz operator
{}+ Causal part of an operator
{-}_ Strictly anti-causal part of an operator
VM, or M> Symmetric positive square root of an operator or matrix
Sy The set of positive semidefinite matrices
Tt The set of positive trigonometric polynomials of degree m

Table 9.2: Notation Table

The causal linear measurement model for the finite-horizon case in (9.29) can be

stated explicitly as follows:

(s,] [ 0O 0 0 ... 0] [ul [ O [«
5y B, 0 0 ... 0| |u B, 0 u
5| = | AB, B, 0 ... 0| |u|+]| AB, B, w
ST AT_lBu AT—QBu AT—3Bu . O uT AT—IBw AT_2Bw AT_3Bw W
L - e 0 4L - L =
ST Fr ur W

gr
(9.30)
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A Note about Robustness to Disturbances vs Robustness to Model Uncertainties
In our approach, we consider distributional robustness against disturbances, which pro-
vides flexibility, adaptability, and dynamic responses to unforeseen events. Although
we do not explicitly address model uncertainties, these uncertainties can be effectively
lumped together as disturbances—a technique known as uncertainty/disturbance
lumping. This approach is particularly effective when the model uncertainties are
relatively small. By treating parameter uncertainties as disturbances, we simplify
system analysis and ensure that the controller is robust not only to known uncertainties

but also to unexpected variations and modeling errors.

A note about the Uniqueness of the spectral factor £

In Theorem[0.3.2] given that L is the causal and causally invertible spectral factor of
M = LL, it is unique up to a unitary transformation of its block-elements from the
right. Fixing the choice of the unitary transformation in the spectral factorization

(eg. positive-definite factors at infinity [59]) results in a unique L.

9.C Proof of Optimality Theorems

Proof of Theorem

This result is proven in detail in Kargin®, Hajar", Malik™, er al. [[123, Appendix A1].
Due to its length, we provide only a brief sketch here. Interested readers can refer to
Kargin®, Hajar", Malik™, et al. [123] for the complete proof. For completeness, we

provide the following proof sketch.

First, we provide a finite-horizon counterpart of the strong duality result from
[219]]. Then, we reformulate the objective functions of both the finite-horizon and
infinite-horizon dual problems using normalized spectral measures. We demonstrate
the pointwise convergence of the finite-horizon dual objective function to the infinite-
horizon objective by analyzing the limiting behavior of the spectrum of Toeplitz
matrices. Finally, we show that the infinite-horizon dual problem attains a finite
value and that the limits of the optimal values (and solutions) of the finite-horizon

dual problem coincide with those of the infinite-horizon dual problem.

Proof of Theorem

The proof involves four main steps.

* Reformulation using Lemma Using Lemma(9.C.1] we reformulate the

original optimization problem. This lemma allows the expression of the convex
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mapping X’ +— tr(X *1) using Fenchel duality, which transforms the objective
function into a form that involves the supremum over a positive semi-definite

matrix M and the only term depending on K remains tr(RM).

* Application of Wiener-Hopf Technique: We then Lemma [9.C.2, which
provides a method to approximate a non-causal controller by a causal one,
minimizing the cost tr(Rx.M). The optimal causal controller K, is derived

using the Weiner-Hopf Technique.

¢ Karush-Kuhn-Tucker (KKT) Conditions: We then find the conditions on
the optimal M. This involves simplifying the objective function and finding

the optimal M., and K, for the level .

* Final Reformulation and Duality: We further simplify the problem and
apply strong duality to achieve the final form. The optimal X, is then derived
from the Wiener-Hopf technique, with v, and M, obtained through duality

arguments.

Before proceeding with the proof, we first state two useful lemmas

Lemma 9.C.1. The convex mapping X — tr X for X =0 can be expressed via
Fenchel duality as
tr(X™"), X =0
sup —tr(XM) + 2tr(VM) = () / (9.31)

M-0 ~+00, O.W.

Proof. Observe that the objective — tr(X M) + 2 tr(v/ M) is concave in M, and
the expression on the right-hand side can be obtained by solving for M. When
X # 0, i.e., X may have negative eigenvalues, then the expression tr(X' M) can be

made arbitrarily negative, and tr(v/.M) arbitrarily large, by chosing an appropriate
M. [ |

The following lemma will be useful in the proof of Theorem[9.3.2]

Lemma 9.C.2 (Wiener-Hopf Technique [120]]). Consider the problem of approxi-
mating a non causal controller K, by a causal controller IC, such that K minimises
the cost tr(RxM), i.e.,

inf tr(ReM) (9.32)
Kex
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where M = 0, R = (K — K,)" A"A (K — K,) and K, is the non-causal controller

that makes the objective defined above zero. Then, the solution to this problem is

given by
K,=AN"{AK.L}, L, (9.33)

where L is the unique causal and causally invertible spectral factor of M such
that M = LL" and {-}, denotes the causal part of an operator. Alternatively, the

controller can be written as,
Ky =K+ A {{AK} L1, (9.34)

where K, = AT {AK, }.

Proof. Let L be the unique causal and causally invertible spectral factor of M, i.e.

M = LL. Then, using the cyclic property of tr, the objective can be written as,

inf tr(A (K- K )M (K —-K,)"A%) = inf tr((AK — AK,) LL" (AKX — AK,)")

Kex Kex
(9.35)
= inf tr((AKL — AK.L) (AKL — AK,L)")
Kex
(9.36)
— inf ||AKL — AKLf3. (9.37)
Kex

Since A, K and L are causal, and AKX, L can be broken into causal and non-causal
parts, it is evident that the controller that minimizes the objective is the one that
makes the term AKXL — AK, L strictly anti-causal, cancelling off the causal part of

AIC,L. This means that the optimal controller satisfies,
AR L ={AKL}, . (9.38)

Also, since £ and A™" are causal, the optimal causal controller is given by (9.33).
Finally, using the fact that AK, = {AK.}, + {AK,}_ and simplifying, we get
©.39). u

Proof of Theorem We first simplify our optimization problem (9.13)) using
Lemma We then find the conditions on the optimal optimization variables
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using Karush-Kuhn-Tucker (KKT) conditions. Using Lemma[9.C.I| we can write,

inf tr((Z — vy "Re) " M,) = inf sup —tr((Z — 7 '"Rc)M) + 2tr (\/ Mé./\/l/\/lé)

Kex, Kext M0
YL-Rx
[ 1 1
= sup — tr(M) + 2tr ( M§MM§> + inf 4 tr(ReM)
M0 Kex

Fixing v > 0, we focus on the reduced subproblem of (9.14),
sup —vytr(M) — ytr(M,) + 2y tr <\/ Mg/\/l/\/l(?) + inf tr(ReM). (9.39)
M0 Kex
Using the definition of the Bures-Wasserstein distance, we can reformulate (9.39) as
sup inf tr(ReM)—~BW(M, M,)? = sup &(M). (9.40)
M=0Kex M0
Thus, the original formulation in (9.14) can be expressed as
inf sup inf tr(ReM) + 7 (r? = BW(M, M,)?). (9.41)
>0 M0 Kext

Note that the objective above is affine in v > 0 and strictly concave in M. Moreover,

primal and dual feasibility hold, enabling the exchange of inf. -, sup v, o resulting in
sup inf inf tr(ReM) + v (r* — BW(M, M,)?), (9.42)
M0 Kext v>0

where the inner minimization over - reduces the problem to its constrained version

in Equation (9.19).

Finally, the form of the optimal C, follows from the Wiener-Hopf technique in

Lemma[9.C.2]and the optimal 7, and M, can be obtained using the strong duality

result in Section To see the optimal form of M, consider the gradient of ® (M)
in (9.40) with respect to M and setting it to 0. Using Danskin theorem [43]], we

have,
1 1 1IN—F 1
V(M) = M2 <M§M*M§) TMZ—T 4+ Ry =0, (9.43)
Taking inverse on both sides, we get,
_1 1 1Ny L 1 . 1
M7 (MEMME)" M? = (T =77 Ree) (9.44)

1
We can now obtain two equations. First, by right multiplying by M¢Z and second, by
1
left multiplying by M2 . On multiplying these two equations together and simplifying,

we get (0.16b).
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9.D Proofs related to the Efficient Algorithm in Section [9.4]
Proof of Lemma [13.4.1]
With T := {AK,}_, the optimality condition in (9.16) takes the equivalent form:

i M, = (T—"Re.) ", (9.45a)
ii. R, =L {TL Y {TL,} L., (9.45b)
iii. tr [((I — 7 Ri () = T) 2} =7 (9.45¢)

Using the spectral factorization M, L, L}, the conditions i. and ii. can be equivalently

re-expressed as

i (LL)TP =T 'Ry, (9.46)
ii. R, =L {TLY {TL,} L (9.47)

By plugging ii. into i., we get
0=7— (LLV? =3 (L7 {TL Y A{TL,} L) =0, (9.48)
Multiplying by £ from the left and by £, from the right, we get
0=LIL~(LIL) = H{TLY{TL,),

where we used the identity £:(£,L3) 2L, = (£:L£,)"%. Letting N, = L:L,, this

expression can be solved for N, yielding the following implicit equation,

2
N, =LiL, = i (z + \/I + 4y, {TL,} {’]I‘,C*}_> , (9.49)

implying thus (13.29), with v, >0 satisfying tr [((Z — 7:1721@ )‘1 — 1)2] — r2 (or
equivalently, BW(L,L;,Z) = r). -

Note on Frequency Domain Representation of Toeplitz Operators
We start this section of the appendix by justifying our choice of working out our

results in the frequency domain.

Let V = [V;];=_o be a doubly infinite block matrix, i.e.a Toeplitz operator, which
represents a discrete, linear, time-invariant system (i.e.V;; = V;_;), and which maps

a sequence of inputs to a sequence of outputs.

In this case of a time-invariant system, the representation of the operator in the

z-domain (or the so-called bilateral z-transform) is

V(z)= > Viz™, (9.50)

1=—00
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defined for the regions of the complex plane where the above series converges
absolutely, known as the ROC: region of convergence. V' (z) is also known as the
transfer matrix. The causality of V can be readily given in terms of V'(z). Indeed, we

have the following: V is causal if and only if V/(z) is analytic in the exterior of some

annulus, |z| > a > 0. Likewise, V is anticausal if and only if V'(2) is analytic in the
interior of some annulus, |z| < o < 0. Moreover, V is strictly causal (anticausal) if

and only if it is causal (anticausal) and V' (oc0) = 0(V(0) = 0).
We also define the trace of a Toeplitz operator M as follows

1 2
(M) = = / Te(M (&) dw. 9.51)
2m J,
In the coming sections, we use the frequency domain counterparts of our Toeplitz
operators (such as F,G, M...) by setting z = e forw € 0, 27).

Frequency-Domain Characterization of the Optimal Solution of Problem [9.2.3|
We present the frequency-domain formulation of the saddle point (K, , M, ) derived
in Theorem to reveal the structure of the solution. We first introduce the
following useful results:

Denoting by M, (z) and R (z) the transfer functions corresponding to the optimal
M, and Ry, respectively, the optimality conditions in (9.16) and (13.29) take the

equivalent forms:

i M,(2) = (I —%,'Ry (2)) ", (9.52a)
ii. Ry (2)=L,(2)"{TL}_(2) {TL}_(2)L.(2)7, (9.52b)
i, tr [((I Ry (2) = 1)2] —2 (9.52¢)
i N(2) = L) L) = (14T 47 (L)) (TL ) )
(9.52d)
where .
L(z)=> L,z (9.53)

is the transfer function corresponding to the causal canonical factor £, and T =
{AIC,}_ is the strictly anticausal operator where its transfer function, 7°(z), is found

from the following:
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Lemma 9.D.1 (Adapted from lemma 4 in [191]]). The transfer function A(z)K,(z)

can be written as the sum of a causal and strictly anticausal transfer functions:

A(2)K,(2) =T(2) + U(z) (9.54)
T(z) = {AK} (2) =C(:'I-A)'B (9.55)
U(z) = {AK ) (2) = A(2)Ky, (2) = CP(A(zI — A) ' + 1)B,  (9.56)

where Ky (2) = AT {AK},(2), and K, = (I+B.:PB,) ' B.PA, with P~ is
the unique stabilizing solution to the LOR Riccati equation P = Q + A"PA —
A*PB,(I + B;PB,) 'B,PA, Q= (C"C, A, = A~B,K,,, and

A=A, B=A;PB, C=—(I+B:PB,) "*B:. (9.57)
Notice that given the causal L(z) and strictly anti-causal 7'(z), the strictly anti-causal
part {T(z)L(z)}_ has a state space representation, shown in the following lemma.

Lemma 9.D.2. Let L be a causal operator. The strictly anti-causal operator {TL}_

possesses a state space representation as follows:

{TL} (2)=C(z7'1 -A)"'T, (9.58)
where .
r—L (I — A" BL(e™)dw. (9.59)
21 Jo

Proof. Let L(z) = > 7, L,z be the transfer function of £. Using equations (9.54)
and (9.55)),(9.56), S(z) .= {AK,L}_(z), can be written as:

S(z) ={TL}_(2) +{UL}_(») (9.60)
W (=1 - A" BL(2)} (9.61)
©le STABY Zmz—m} (9.62)
t=0 m=0 _

©e (Z z‘t“)Zt) (Z Z’”Eim> (9.63)
t=0 m=0

DC1-A)'T (9.64)

Here, (a) holds because both U(z) and L(z) are causal, so the strictly anticausal part

of U(z)L(z) is zero. (b) holds as we do the Neumann series expansion of (21 — A)
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and replace L(z) by its equation (9.53). (c) holds as we take the anticausal part
of expression (9.62) to be the strictly positive exponents of z. (d) completes the
result by using the Neuman series again, defining I' :== > A'BL,, and leveraging
Parseval’s theorem to conclude the equation of the finite parameter

1 2

r (I — A" BL(e™)dw. (9.65)

Proof of Theorem|[13.4.2 Using Lemma[9.D.2] and plugging (9.58)) into (9.52d),

the frequency-domain optimality equation (9.52d) can be reformulated explicitly as

follows
2

N,(2) = L,(2)"L,(2) = i <I + \/ [+ 4y Ti(z ' T = A C°O(= - AT,

(9.66)
where I', as in (9.65)), and v, > 0 satisfying tr [((Z _ 7:173& )—1 _ I)Q] — 1 (or
equivalently, BW (L, L}, Z) = r), which gives the desired result. [

Proof of Corollary[13.4.3}  Notice that the rhs of (9.66)) involves the positive definite
square-root of the rational term I';(z '] — A)*C C(z'I — A)'T,. The square

root does not preserve rationality in general, implying the desired result. [

Proof of Theorem [9.4.2]

Before proceeding with the proof, we state the following useful lemma.

Lemma 9.D.3. For a positive-definite Toeplitz operator M > 0 with tr(M) < oo
and tr(log(M)) > —oo, let M — (M) be a mapping defined as

P(M) = Kngfg tr (ReM) . (9.67)

Denote by M = LL" and AAN" = T + F* F the canonical spectral factorizations
where L, A as well as their inverses L, N~ are causal operators. The following

statements hold:

i. The function ® can be written in closed form as

d(M) = tr [{AK L} {AK.L} ] . (9.68)

ii. The gradient of ® has the following closed form
VO(M) =R = LT {AKLY {AK, L} L7 (9.69)
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iii. The function ® is concave, positively homogeneous, and

O(M) = tr(M V(M)). (9.70)

Proof of Theorem Our proof of convergence follows closely from the proof
technique used in [[116]. In particular, since the unit circle is discretized and the
computation of the gradients are approximate, the linear suboptimal problem is
solved upto an approximation, ¢ 5 which depends on the problem parameters and the

discretization level N. Namely, for a large enough N, we have

tr(VO(M)Myyy) > sup tr(VO(M,)M) — by (9.71)
MeQ,
where
Q, = {M = 0| tr(M -2V M+ 1) <r}, (9.72)

Therefore, using Theorem 1 of [116], we obtain

2K
D(M.) = B(My) < =

(14 dy). (9.73)

where x > 0 is the so-called curvature constant associated with the problem which

is defined as follows

2 / /
K= sup = [~P(M) + D(M) + tr(VE(M) (M = M))], (9.74)
M,MeQ,. n
n€l0,1]
M =M+n(M-M)
= sup % (tr(M'VE(M)) — D(M")), (9.75)
M,MEeQ, n
n€l0,1]
M =M+n(M-M)
= sup inf % tr (M (VO(M) — Ry)) (9.76)
M,MEeQ, Kex n
n€l0,1]

M =M+n(M-M)

where the last two equalities follow from Lemma[9.D.3

9.E Algorithms
Pseudocode for Frequency-domain Iterative Optimization Method Solving (9.15))

The pseudocode for Frequency-domain tterative optimization method is presented in
Algorithm 4]
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Algorithm 4 Frequency-domain iterative optimization method solving (9.15))

1: Input: Radius r >0, state-space model (A, B,,, B,,), discretizations N >0 and
N'>0 tolerance € >0

2: Compute (4, B, C) from (A, B,, B,,) using

3: Generate frequency samples Ty = {¢/*™/~ | n=0,...,N—1}

4: Initialize My(z) < [ for z € Ty, and k < 0

5: repeat

6:  Set the step size 7y, < 725

7. Compute the spectral factor L,(z) < SpectralFactor(M,;) (see Sec-
tion 9.E)

8:  Compute the parameter I, <+ L Z (I — 2zA)""BL,(z). (see Sec-

N 2€TN

tion [9.E)

9:  Compute the gradient for z € Ty (see Section 0.E)
Ri(2) + Ly(2) 7 {AKLL}_ (2)" {AKLyY_ (2)Li(2)
10:  Solve the linear subproblem (9.19a)) via bisection (see Section[9.E)
M,(2) + (I — 47 'Ry(2)) "2 for z € Ty and ~, through Bisection
11 Set My, (2) < (1= n) My (2) + nu M, (2) for z € Ty.
12:  Incrementk < k + 1
13 until [ My, — My /| M,] < e

2
14: Compute Nk(z) = i ([ + \/[ + 4,}/’;11—\2(2—1[ . Z)*G*C(z_ll . Z)_ll—‘k)

for z € T = {ejzm/N/ |n=0,...,N'—1}
15: Compute K(z) - RationalApproximate(NV,(z)) (see Section[9.E)

Additional Discussion on the Computation of Gradients
By the Wiener-Hopf technique discussed in Lemma [9.C.2} the gradient R, =
V®(M,,) can be obtained as

Ru(2) = Ly(2) ™ {AKL ) (2) {AK Lo} (2)Li(2)™Y,  (9.77)

where £,L;, = M, is the unique spectral factorization. Furthermore, using
(9.64),(9.65)), we can reformulate the gradient R, (z) more explicitly as

Ry(2) = Ly(2) *Tp(I—2zA)"C" C(I—2A) Ty Ly(2) ", (9.78)

where I'), = o= 0277(] — /A BL,(¢’*)dw as in (9.63)). Here, the spectral factor

L;(z) is obtained for z € T by Section Similarly, the parameter I';, can be

computed numerically using trapezoid rule over the discrete domain Ty, i.e.,

1 i
L+ > (I - zA)'BLy(2). (9.79)

z€T N
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The gradient R;,(z) can thus be efficiently computed for z € Ty.

Implementation of Spectral Factorization

To perform the spectral factorization of an irrational function M (z), we use a spectral
factorization method via discrete Fourier transform, which returns samples of the
spectral factor on the unit circle. First, we compute A(z) for z € T, which is defined
to be the logarithm of M (z), then we take the inverse discrete Fourier transform A,

fork =0,..., N — 1 of A(z) which we use to compute the spectral factorization as

. N/2-1 .
L(z,) < exp 5/\0"' Z )‘kzr:k+§(_1)n/\N/2
k=1

fork=0,...,N — 1 where z, = ¢/>™/N

The method is efficient without requiring rational spectra, and the associated error
term, featuring a purely imaginary logarithm, rapidly diminishes with an increased
number of samples. It is worth noting that this method is explicitly designed for

scalar functions.

Algorithm 5§ SpectralFactor: Spectral Factorization via DFT

1: Input: Scalar positive spectrum M (z) > 0 on Ty = {/*™" | n=0,... ,N—
1}

2: Output: Causal spectral factor L(z) of M(z) > 0on Ty

3: Compute the cepstrum A(z) < log(M (z)) on z € Ty.

4: Compute the inverse DFT

A < IDFT(A(2)) fork=0,...,N—1

Y

5: Compute the spectral factor for z,, = ¢’ 2mn/N
1 N/2-1 )
—k n o
L(z,) = exp | 5ho + ; Mz (D) Awz | m=0,. N-1

Implementation of Bisection Method

To find the optimal parameter -, that solves tr [((I Vi Ry) =T )2} —7* in the
Frank-Wolfe update (9.20), we use a bisection algorithm. The pseudo code for the
bisection algorithm can be found in Algorithm[6] We start off with two guesses of y
i.e.(Viefts Vright) With the assumption that the optimal ~y lies between the two values

(without loss of generality).
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Algorithm 6 Bisection Algorithm

1:
2:
3:
4:

L e W

10:
11:
12:
13:
14:

Input: h<7)7 77“ight7 ’yleft
Compute the gradient at 7,.;,5,: VA(7)

Tright
while | Vright — Vieft |> e do
Calculate the midpoint ,,,; between 7. ¢, and 7,
Compute the gradient at 7,,,;4: Vh(7)
if VA(v)l,, ., =0 then
return v,,,;,
else if VA(v)|, > 0then
Update /yright to Ymid
else
Update 7y t0 Yymia
end if
end while

|’Ymid

return the average of ;. s, and 7,45

Implementation of Rational Approximation

We present the pseudocode of RationalApproximation.

Algorithm 7 RationalApproximation

1:

Input: Scalar positive spectrum N (z) > Oon T, = {eﬂ’m/N/ |n=0,...,N—
1}, and a small positive scalar €
Output: Causal controller K (z) on T

: Get P(z),Q(2) by solving the convex optimization in (9.24), for fixed ¢, given

M(z), ie.:

min € (9.80)

P0>-PmE€R,Go,--qm ER,£20

st go=1, P(2),Q(2) >0, P(2) (N(2)+€) Q(2) <0, P(z) (N(2)e) Q(2) =0

Get the rational spectral factors of P(z), Q(z), which are Sp(z), Sg(2) using
the canonical Factorization method in [199]]

Get L' (z),the rational spectral factor of N (z), as Sp(2)/Sq(2)

Get K (z) from the formulation in (9.28)),(9.99)

Vze Ty

9.F Proof of the State-Space Representation of the Controller
Proof of Lemma

Let the spectral factor E(z) in rational form be given as

L(z) = (I +C(zI — A)™'B)D'?, (9.81)
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with its inverse given by:

L Nz) =D "Y*(I-C(zI - (A-BC))'B), (9.82)

and its operator form denoted by L.

We write the DR-RO controller, K (z), as a sum of causal functions:

K(z) = A (){AK L), (2) L7 (2) (9.83)
= A7) (1A (L) + A L1 () L) 084)
= AT ({AK ) (2) + ATH{AK ) Lh ()L 7 (2). 9.85)

From Lemma 4 in [192]], we have:

{AK,}_(2) = —RB:(+'I — A}) 'A;PB, (9.86)

where the LQR controller is defined as K, = (I + B:PB,) 'BfPA and the
closed-loop matrix Ay = A — B, K, with P = 0 is the unique stabilizing solution
to the LQR Riccati equation P = Q + A*PA — A*PB,(I + B:PB,) 'B:PA,
Q = C7C, and with R = (I + B;PB,)*/*.

Multiplying equation (9.86) with L, and taking its causal part, we get:

{{AK Y L}, (2) = {—RB(z'I — A;) ' A; PB,C(2I — A)'BDY?* — RB:(2I — A}) " A;PB, D'
(9.87)

Given that the term RB (21 — A})'A;PB,D"? is strictly anticausal, and
considering the matrix U which solves the lyapunov equation: AjPB,C + AfUA =
U, we get {{AK.}_L} (2) as:

{({AK} LY (2) = {=RB((z"'1 — Aj) ' AU + UA(zI — A" + U)BDY?},
(9.88)

— —RB:U(A(zI — A~ + 1)BD"* (9.89)

— —2RB;U(2I — A)"'BD'? (9.90)
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Now, multiplying equation (9.90) by the inverse of L (9.82), we get:

{{AKY_LY ()L 7' (2) = —2RB.U (21 — A)'B(I + C(2I — A)™'B)™*

9.91)
— RBU(I — AV + BC(2I — AN 'B
(9.92)
— RBU(:I - A)'B (9.93)
= —RB.U(I + (2 — A)'A,)B (9.94)

where flk = A - BC.

The inverse of A is given by A™'(2) = (I — K, (21 — A;)"'B,)R*, and we know
from lemma 4 in [192] that {AK,}. (2) = —RB.PA(zI — A)"'B,, — RB.PB,,

Then we can get the 2 terms of equation (9.83):

AT (){AK 4 (2) = =K (2T — Ay) (B, — B,R*RB,PB,) — R*"RB,PB,,
(9.95)

and

AT AR LY (2) L7 (2) = =(I = Ky (21 — Ap) ' B)R*RByU (21 — Ay) ' ALB

(9.96)
+ Kygo(21 — A,)'B,R*RB,UB (9.97)
— R'RBIUB (9.98)

Finally, summing equations (9.95) and (9.96), we get the controller K(z) in its

rational form:

o A 0 Ay B
K(z) = - |R°RB —Klqr} (21— | K = A )
R ) B,R*RB; A, —B,, + B,R*RB:(PB, + U,B)
i ¥ g
—R*RB;(PB,, + U,B) (9.99)
7

which can be explicitly rewritten as in (9.28)).
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9.G SDP Formulation for the Finite Horizon from [219]

In this section, we state the SDP formulation of the finite-horizon DR-RO control
problem for a fixed horizon 7' >0 presented in [219], which is the main controller
we compare against, to showcase the value of the infinite-horizon setting. This result
highlights the triviality of non-causal estimation as opposed to causal estimation. In
Theorem[9.G.2] we demonstrate that the finite-horizon DR-RO problem reduces to
an SDP.

Problem 9.G.1 (Distributionally Robust Regret-Optimal (\W,-DR-RO) Control
in the Finite Horizon ). Find a casual and time-invariant controller, IC € 7, that

minimizes the worst-case expected regret in the finite horizon (9.2), i.e.,

inf R(Kp,r) (9.100)
Kpedte

Theorem 9.G.2 (Adapted from [219]. An SDP formulation for finite-horizon
DR-RO). Let the horizon T' > 0 be fixed and given the noncausal controller
Kor = —(Zr + ]:}fT)fl]:}gT, the Problem reduces to the following SDP

Xr YLy 0
inf  y(ry—tr(Zp))+tr(Xy) st |4Zp YLy (Kr —Kor)" | =0.
Kretyp, * —1
720, Xp=0 0 Kpy—Kor (Zp+FrFr)
Moreover, the worst-case disturbance wy. can be identified from the nominal dis-
turbances W, as wi = (Ip — 7:177&: Tk, T)_lw(,’T where v, >0 and K7 are the

optimal solutions.

Note that the scaling of the SDP in Theorem[9.G.2]with the time horizon is prohibitive
for many time-critical real-world applications. Therefore, we compare our infinite-

horizon controller to the finite-horizon one in the simulation sections and

O.H

9.H Additional Simulations

Note on Comparison with Other Methods in the Literature:

As our work is the first to explore infinite-horizon distributionally robust control, our
comparative experiments are constrained by the existing literature on finite-horizon
distributionally robust control. Since the closest work to ours is that of [219], our
numerical experiments primarily compare with their finite-horizon version that

utilizes an SDP formulation.
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Unfortunately, the framework in [220] only allows for time-independent disturbances.
While this approach is valuable for partially observed systems, it is widely acknowl-
edged that the optimal distributionally robust controller for fully observed systems
remains the same as the standard LQR controller as long as the disturbances are
independent (though not necessarily identical) [101]. Therefore, in our setup, the
results from [220]] simply reduce to the optimal LQR controller. This observation
has also been noted in [220].

While in the main text we simulated under the worst-case distributions corresponding
to each controller being compared, we include in this section of the appendix
other systems under the worst-case distributions, and also under other disturbance

realizations (namely sinusoidal and uniform distributions).

Additional Time Domain and Frequency Domain Simulations

Time domain simulations: We repeat the same experiment of section for 2
more systems, [REA4] and [HE3] [145]]. [REA4] is a SISO system with 8 states and
a stable A matrix, while [HE3] has 4 states and an unstable A matrix. The results are
shown in figures Similarly to our previous discussion, the infinite horizon
DRRO controller achieves good performance across all systems, achieving the lowest

cost under all considered noise scenarios.

In figures[9.6)and 0.7 we show the performance of the different DR controllers: (I)
DR-RO in infinite horizon, (II) DR-RO in finite horizon and (III) DR-LQR in finite
horizon under uniform noise and sinusoidal noise, respectively, for different systems.
Note that the distributionally robust controller is guaranteed to perform better than
other controllers under its own worst-case distribution, but has no guarantee of
performance under other disturbances. Under uniform and sinusoidal noise, our
infinite horizon DR-RO controller performs better than the finite horizon DR-LQR
for systems [REA4] and [AC15], but worse than the finite horizon DR-LQR and on
par with the finite horizon DR-RO for system [HE3].

Frequency domain simulations We show in figure 9.8] the frequency domain
representation of the square of the norm of the DR-RO controller and its approximation
for [AC15] and [HE3], demonstrating that lower order approximations of m(ej“’)

provide good estimates.
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Figure 9.4: The control costs of the different DR controllers: (I) DR-RO in infinite
horizon, (II) DR-RO in finite horizon and (III) DR-LQR in finite horizon under
different disturbances for system [REA4] [145]]. (a) is white noise, while (b), (c)
and (d) are worst-case disturbances for each of the controllers, for » = 1.5. The
finite-horizon controllers are re-applied every s = 30 steps. For all disturbances, the
infinite horizon DRRO controller achieves lowest average cost, even in cases (c) and
(d) where the finite horizon DR controllers are designed to minimize the cost.
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Figure 9.5: The control costs of the different DR controllers: (I) DR-RO in infinite
horizon, (II) DR-RO in finite horizon and (III) DR-LQR in finite horizon under
different disturbances for system [HE3] [[145]. (a) is white noise, while (b), (c)
and (d) are worst-case disturbances for each of the controllers, for » = 1.5. The
finite-horizon controllers are re-applied every s = 30 steps. For all disturbances, the
infinite horizon DRRO controller achieves lowest average cost, even in cases (c) and
(d) where the finite horizon DR controllers are designed to minimize the cost.
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Figure 9.6: The control costs of the different DR controllers: DR-RO in infinite
horizon, DR-RO in finite horizon and DR-LQR in finite horizon under uniform noise
distributions (with amplitude=2) for different systems, for » = 1.5.
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Figure 9.7: The control costs of the different DR controllers: DR-RO in infinite
horizon, DR-RO in finite horizon and DR-LQR in finite horizon under sinusoidal

noise distributions (frequency=1, phase=7 /4, amplitude=2) for different systems, for
r = 1.5.
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Figure 9.8: The frequency domain representation of the square of the norm of the

DR-RO controller K (') and its approximation for [AC15] and [HE3]
Figures [0.8a) and 0.8b| reaffirm our conclusions that lower order approximations of
m(ej “) still yield good estimates of the same. Figure represents the worst case
expected regret of H,, H., and the RO controller.
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Chapter 10

INFINITE-HORIZON DISTRIBUTIONALLY ROBUST KALMAN
FILTERING

10.1 Introduction

The Kalman filter (KF), introduced by Rudolf Kalman in 1960 [121]], is a fundamental
tool for estimating dynamic signals generated by state-space models from noisy
measurements. It has become indispensable across various fields, such as tracking
[33], [252], navigation [85], [107]], robotics [35]], [119], [[189], autonomous vehicles
[65], [208]], aerospace [[11], [[143], [181], earth sciences [15], [71], [98], [226],
biomedicine [72], [185]], [214]], economics and finance [[129], [200], [235]]. Its efficacy
hinges heavily on accurately modeling state-space parameters and noise statistics,
which often deviate from the actual model due to statistical and approximation
errors, inherent environmental uncertainties, and non-stationarities. These deviations
can severely degrade performance [77], [86]], [215]], posing severe risks in safety-
critical applications such as aircraft navigation and autonomous vehicles. Therefore,
enhancing the robustness of the Kalman filter against inaccuracies and uncertainties

is crucial for ensuring safe and reliable operation.

Traditionally, robustness in the Kalman filter has been addressed by treating uncer-
tainties as adversarial, deterministic perturbations. In this context, the 7 -filter
[701, [871, [99], [101]], [168], [204], [244] has garnered extensive research, driven by
significant advances in robust control theory [[14], [51]], [101], [260]. The JZ_-filter
enhances robustness by minimizing the worst-case mean-squared estimation error
(MSE) attainable among all bounded energy (or power) disturbances. Although
these uncertainties are presumed to arise from exogenous disturbances, the optimal
J -filter also ensures robustness against small modeling errors in state-space param-
eters [255]. More recently, regret-optimal filtering [82], [[193]] has been introduced
to balance performance and robustness. Unlike the .72 _-filter, it minimizes the
worst-case regret, defined as the excess error a causal estimator suffers compared
to a clairvoyant estimator, among all bounded energy disturbances. While effective
against large uncertainties, these filters neglect distributional information and may

become overly conservative when faced with stochastic disturbances [179].

Distributionally robust (DR) estimation and filtering offers an alternative framework
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that addresses the limitations of traditional robust filtering. Pioneered by Kassam
and Poor [[127]], [[128] in the context of Wiener filtering [242], this approach enhances
robustness against uncertainties through the use of ambiguity sets of plausible
statistical models. The behavior of the resulting robust filter is intricately tied to
the topology of the ambiguity set, which is often constructed as a ball induced by a
statistical distance or divergence. Examples include the total variation (TV) distance
[184], [230], the Kullback-Leibler (KL) divergence [146], [147], [264], [265]], and the
Wasserstein-2 (W,) distance [29]], [95]], [153]], [186]], [203]], [233]], [234]. The filters
derived from KL-ambiguity sets have been linked [28]], [97], [[146], [[147] to risk-
sensitive filters [99], [115], [216]], [217], [237], which minimize the exponentiated
squared estimation error. A significant drawback of KL-ambiguity is its limited
expressivity, as it only includes distributions whose support matches the nominal
distribution [109]]. Due to its geometric interpretability as the optimal transportation
metric [231], the W,-distance has recently seen widespread adoption across various
fields, including machine learning [9]], computer vision [[151]], [177]], control [7]],
[30], [89], [[125], [219], [220], data compression [26], [[144], [157], and robust
optimization [24]], [25], [[74], [134]], [166], [253], [257]. W,-ambiguity sets offer
richer expressivity, encompassing distributions with both discrete and continuous
support. The W,-distance also renders computationally tractable formulations for
problems involving quadratic objectives, such as least mean-squared estimation [|171]],

and linear-quadratic control [219].

Related Works

Recognizing these advantages, Shafieezadeh Abadeh, Nguyen, Kuhn, et al. [203]] in-
troduced a distributionally robust Kalman filter based on W,-ambiguity sets confined
to Gaussian distributions only. They derive state estimates at local time instances by
minimizing the mean-squared error for the least favorable joint posterior distribution
of the state-measurement vector, given past measurements. This iterative procedure,
assuming iid Gaussian disturbances, incorporates the worst-case covariance of the
previous state estimate into the nominal model for the subsequent time step. However,
while this method inherently addresses state-space parameter mismatches, it lacks
a global robustness guarantee over the entire time horizon and against non-iid or
non-Gaussian disturbances. Similar temporally local approaches have also been
studied in [95], [233]], [234]. More recently, Lotidis, Bambos, Blanchet, et al. [[153]]
took a different approach by imposing distributional uncertainty on the measurement

noise process over the entire time horizon, assuming known iid process noise with
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known covariance. While the resulting filter demonstrates global robustness over the
entire time horizon, the adversarial measurement noise is constrained by martingale
conditions to prevent clairvoyance and dependence on future process noise realiza-
tions. Moreover, the assumption of known iid process noise is restrictive and does

not provide robustness to modeling errors of the dynamics and the process noise.

Contributions

In this work, we consider the Wasserstein-2 distributionally robust Kalman filtering
(W,-DR-KF) of linear state-space models for both finite and infinite horizons. The
probability distribution of the disturbances over the entire time horizon is assumed
to lie in a W,-ball of a specified radius centered at a given nominal distribution.
We seek the optimal causal linear estimator of a target signal that minimizes the
worst-case MSE within the W,-ball. We cast this as a min-max optimization problem
(??, Problem[10.2.2). Our approach differs drastically from the prior works [95],
[153]], [203], [233]], [234] and possesses several advantages which can be listed as

follows:

1. Global robustness to non-iid disturbances: In contrast to focusing on the worst-
case MSE at local time instances under unknown iid disturbances [95]], [203]], [233]],
[234]], our approach minimizes the cumulative MSE under the worst-case disturbance
trajectory, thereby achieving global robustness for the entire horizon. Moreover,
unlike [153]], we impose no restrictions on the dependencies of the disturbances,

accommodating arbitrarily correlated process and measurement noise sequences.

2. Bounded steady-state error: We derive the first infinite-horizon (aka steady-state)
W,-DR-KEF, analogous to the steady-state Kalman and 57 _-filters [[101], [120]. We
show that the estimation error converges to a steady state (Corollary with

bounded covariance.

3. Efficient real-time implementation: The finite-horizon W,-DR-KF requires
solving an ill-scaled SDP (??), rendering it impractical for real-time implementation
over long time horizons. However, our infinite-horizon W,-DR-KF can be imple-
mented efficiently, thanks to our novel rational approximation, thereby overcoming

the scalability issues of SDP formulation.
Our contributions are summarized as follows:

1. Tractable convex formulation: We derive an SDP (??) formulation for the
finite-horizon problem, and a concave-convex max-min optimization problem over

positive-definite Toeplitz operators (Theorem [10.3.4) for the infinite horizon one.



224

2. Optimality of linear estimators for Gaussian nominal: We focus on linear
estimators while allowing the distributions in the ambiguity set to be non-Gaussian.

For Gaussian nominal distributions, we show the optimality of linear estimators

(Theorem [10.3.T).

3. Characterization of the infinite-horizon DR-KF': We derive the infinite-horizon
W,-DR-KF via KKT conditions (Theorem[10.3.4) and show that the transfer function
of the infinite-horizon W,-DR-KF is non-rational, and thereby lacks a finite-order
state-space realization. However, we also show that it can be uniquely characterized

through a nonlinear finite-dimensional parametrization (Lemma[10.4.T].

4. An efficient algorithm to compute the optimal filter: Using frequency-domain
techniques, we introduce an efficient algorithm, based on the Frank-Wolfe method,
to compute the optimal infinite-horizon W,-DR-KF (Algorithm [§). We construct
the best rational approximation, in the .7 -norm, of any given degree, for the
non-rational optimal W,-DR-KF via a novel convex program (Theorem [10.4.6).

Notations: Bare calligraphic letters (K, M, etc.) are reserved for operators, with the
subscripted ones (Kp, M, etc.) being finite-dimensional. Z is the identity operator
with a suitable block size. Asterisk M™ denotes the adjoint of M. > is the usual
positive-definite ordering. tr(-) is the trace. ||| is the usual Euclidean norm. ||-||
and ||-]|, are the Z, (operator) and .74, (Frobenius) norms, respectively. { M}, and
{M}_ denote the causal and strictly anti-causal parts. v/ M is the positive-definite
symmetric square root. '} is the set of psd matrices. |z| is the magnitude and ="
is the conjugate of a complex number z € C. The complex unit circle is denoted
by T. P denotes a probability distribution and &, is the set of distributions with
finite p™ moment. E denotes the expectation. The Wasserstein-2 distance between
distributions P, P, € R" is denoted by W, (IP;, IP,) such that

W,(Py, Py) 2 (inf B [[[w, —ws|*]) ", (10.1)

where the infimum is over all joint distributions of (w,, w,) with marginals w; ~ P,

and wy ~ P,
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10.2 Problem Setup

In this section, we formulate the distributionally robust filtering problem for infinite

horizon setting. To this end, consider the following state-space model:

Ty = Az + Buwy,
yt - nyt + /Ut7 (10.2)

St = Osxtv

At time t € N, let x, € R% denote the unobserved latent state, Y € RY the
measurement, S, € R% the unobserved target signal to be estimated, w, € R
the process noise, and v, € R the measurement noise. The combined process-
measurement noise sequence constitutes the exogenous disturbance. The setup
presented above is quite general and widely adopted in the estimation and filtering
literature [101]], [120]. The usual state estimation problem is a specific instance of
this setup with C;=I. Moreover, we assume that (A, ) and (A, C,) are detectable
and (A, B) is controllable.

The Infinite-Horizon Distributionally Robust Filtering

Designing optimal filters for extended horizons can generally be impractical extended
time horizons. To mitigate this, time-invariant steady-state filters are usually
deployed for practical purposes. These filters can be characterized by their Markov
parameters { K, }, allowing the estimates {3;} to be computed as a convolution sum:
S, = Zizo I?t_sys. This can be expressed compactly as S = Ky, where K is a
bounded, causal, and doubly-infinite block Toeplitz operator constructed from the

Markov parameters K ¢~ We denote the class of all such filtering policies by .%Z".

Here, y and s are the doubly infinite column vectors of measurements and estimates,
respectively. Furthermore, letting by & = [w; v], and s be doubly-infinite disturbance
and target signal vectors, respectively, the state-space dynamics (10.2]) over an
infinite-horizon can then be described as follows:
y =HwW+ v,
(10.3)
s = Lw,
where H and L are strictly causal, doubly-infinite, block Toeplitz operators, com-
pletely described by the state-space parameters (A, B, C,, C;). The error transfer
operator T : £ — e := s—s under a stationary causal filtering policy K € ¢
is defined similarly as 7Ty = [ICH—E IC}. Note that these Toeplitz operators
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are equivalently identified by transfer function formalism. In particular, we have
H <+ H(z)=C, (2] — Ay'Band L +» L(2):=C,(zI — Ay'Bforz € T.

Instead of focusing on a fixed horizon, we consider the time-averaged steady-state

worst-case MSE as the horizon approaches infinity, i.e.,

: 1 . 1
E(lCa p) = lim sup ?ET(’Cu pT) = lim sSup — sup EIPT [||eT(£T7 ]C)HQ} .
T—oo T—o0 PreWr(Pr.pr)

(10.4)
The limit above may generally be infinite without further specification of the
asymptotics of the ambiguity set. To ensure the finiteness of the steady-state MSE,

we make the following assumptions:

Assumption 10.2.1. The nominal disturbances {(w;, v;)} form a zero-mean weakly
stationary random process, i.e., the cross covariance between (w;, v;) and (wy, v;)
only depends on the difference ¢ —s. Furthermore, the size of the ambiguity set for

horizon T'> 0 scales as pp ~ pv/T for a p>0.

The assumption on the radius p; for varying 7' is justified, as the total energy of
a random vector of length 7" from a weakly stationary process scales linearly with
T'. We state the distributionally robust filtering problem for the infinite horizon as

follows:

Problem 10.2.2 (W,-DR-KF over infinite-horizon). Find a casual and time-invariant
filter, IC € %, that minimizes the steady-state worst-case MSE defined in (10.4)), i.e.,
— 1
inf E(KC, p) = inf limsup = sup Ep, [|ler(&r,. K)|%] - (10.5)
Kex Kex T—oo IPTEWT(IP;“7PT)

10.3 Tractable Convex Formulations
In this section, we provide tractable formulations for the finite and infinite-horizon
W,-DR-KF problems. In ??, we present an SDP formulation for the finite-horizon
problem ??. In Theorem we reduce the infinite-horizon problem to a
tractable convex program via duality. We also characterize the optimal estimator and

the worst-case distribution for both settings. The proofs of the theorems presented in

this section are deferred to the Appendix.

Before proceeding with the main theorems, we present a minimax theorem establish-

ing the optimality of linear filtering policies for Gaussian nominal distributions.

Theorem 10.3.1 (Minimax duality). Let T'> 0 be a fixed horizon and 11} be the

class of non-linear causal estimators. Suppose that the nominal P is Gaussian.
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Then, the following holds:

inf sup Ep,. [HeT(ﬁT,WT)HQ} = sup inf Ep, [HGT(ET,WT)‘F} ,
€l Prer(Pr.por) Pre#r(Pr,pr) Tr€llr
(10.6)

Moreover, (10.6) admits a saddle point (77, PT) such that the worst-case distribution

P’ is Gaussian and the optimal causal filter 77 is linear, i.e., 75 € 7.

For simplicity and clarity, we make the following assumption for the remainder of

this paper.

Assumption 10.3.2. The nominal disturbances are uncorrelated, i.e., Epe [Er€T] =
Ly for any 7> 0.

A Concave-Convex Optimization for the Infinite-Horizon Filtering
The scaling of the SDP in ?? with the time horizon is prohibitive for many time-

critical real-world applications. Therefore, we shift our focus to the infinite-horizon
W,-DR-KF problem [10.2.2]to derive the optimal steady-state filtering policy.

Solving Problem [10.2.2]involves two major challenges. The first one is transforming
the steady-state worst-case MSE for a fixed filtering policy K € %, as defined in
(10.4)), to an equivalent convex optimization problem. We address this by leveraging
the asymptotic convergence properties of Toeplitz matrices [[125]. The second
challenge is addressing the causality constraint on the estimator. To illustrate the
triviality of non-causal estimation in the infinite-horizon setting, we present an

analogous result as shown below:

Lemma 10.3.3. Under the Assumptions|10.2.1|and|10.3.2} K, = LH* (Z+HH*)"

is the unique, optimal, non-causal estimator minimizing the steady-state worst-case
MSE in (10.4) for any p > 0.

We address the causality constraint by reformulating Problem[10.2.2] as a max-min
optimization, where the inner minimization over the causal filtering policies is
performed using the Wiener-Hopf technique [120], [239] (see Lemma([10.C.2). To

this end, we introduce the canonical spectral factorizatiorﬂ
AN =T+HH",

where both A and its inverse A" are causal operators. We state the equivalent

formulation for the infinite-horizon W,-DR-KF as follows.

1Essentially Cholesky factorization for Toeplitz operators.
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Theorem 10.3.4 (Convex formulation of infinite-horizon W,-DR-KF). Under the

Assumptions [10.2.1]and[10.3.2] the Problem[10.2.2]is equivalent to the following
feasible max-min problem:

sup inf Tr(TeTeM) st. To(M —2VM +1I) < p°. (10.7)
M0 Kex
Defining K 5, = {KC,A}, A™, the unique saddle point (K, M.,) of satisfies
the following:
Ky =Ko + U {UAKAY AT (10.82)

M, = (T —~"Te. Te) 2, (10.8b)

where U, U, = M, is the canonical spectral factorization with causal U, and U, '

and vy, > 0 is the unique value satisfying the constraint with equality, i.e.,

Tr [((I M T - 1)2} _ (10.9)

The optimal linear filter C,, comprises the nominal Kalman (aka %) filter, K ,, and
an additive correction term that accounts for the correlations within the disturbance
process. The correction term is derived directly from the optimal solution M, of
through spectral factorization.

As a result of devising infinite-horizon filters achieving finite optimal value in (T0.7)),

we can deduce the boundedness of the steady-state error covariance.

Corollary 10.3.5. The steady-state error has bounded covariance under the optimal

K, in (T08).

10.4 An Efficient Algorithm

While the standard Kalman and #_-filters allow for finite-order spate-space realiza-
tions derived via algebraic methods, the optimal K, lacks such a realization since
its transfer function K, (z) is non-rational (Corollary despite admitting a
non-linear finite-dimensional parametrization (Lemma[I0.4.T)). Thus, we adopt a

novel twofold approach to develop practical DR filters:

1. We introduce an efficient algorithm to compute the optimal positive-definite
operator M, from (10.7). To address the challanges posed by its infinite-
dimensional nature, we use the frequency-domain representation of M, as the
power spectral density M, (z) > 0.
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2. We develop a novel method to approximate the non-rational power spectral
density M, (z) in JZ_-norm using positive rational functions through convex
optimization. This rational approximation is then used to derive an approximate

rational filter with state-space realization via (10.8).

To this end, we adopt the transfer-function formalism for the rest of this paper with the
correspondences: M <> M (z2),U <> U(z), K <> K(z),and T <> T (z) forz € T.
The following lemma characterizes the optimal M, (z), implying finite-dimensional

parametrization.

Lemma 104.1. Let f : (v,T') — M return the unique solution of the implicit

equation over M (z),

M(z) = ¥ IU(z) ' T(I—2A) ' BB (I-2A)"T"U (2) k. (2) T (2)*] 2, V2 €T

(10.10)
where U(2)*U(z) = M (z) is the unique spectral factorization and (A, B, C) are
obtained from state-space parameters (see Section[I0.D|and (10.106))). We have that
M, =f(v.,T,) where

1 s

r,=—
2 ),

U, (e™)C(I — ™A dw, (10.11)
and 7, >0 is such that Tr(M, — 2/ M, +T) = p°,

As a consequence of Lemma [[0.4.1] we deduce the non-rationally of the optimal
W,-DR-KF.

Corollary 10.4.2. The spectral density M, (z) and the transfer function K,(z) are

non-rational.

Iterative Optimization Methods in the Frequency-Domain

Despite being a concave program, the infinite-dimensional nature of (10.7) hinders
the direct application of standard optimization tools. To address this, we leverage
frequency-domain analysis via transfer functions, enabling the use of standard tools
with appropriate modifications. Specifically, we employ the modification of a
Frank-Wolfe method [68]], [116]]. Our framework is versatile and can be extended to
alternative approaches, including projected gradient descent [83]], and the fixed-point
iteration method used in [I125]]. A detailed pseudocode Algorithm [§]is provided in
Section
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Frank-Wolfe: We define the following function and its (Gateaux) gradient [43]:

®(M) £ inf Tr(TTeM), and VO(M)=U"{UK,A}_ {UKAY U T, TK,.

e (10.12)
where U*U = M is the spectral factorization. Rather than solving the optimization in
directly, the Frank-Wolfe method solves a linearized subproblem in consecutive
steps. Namely, given the k™ iterate M, the next iterate M, 1 1s obtained via

M, = argmax Tr (VO(M,) M) st. Tr(M—2VM+7T) < p?, (10.13a)

Mi=T

Miir = (1= )My, + M, (10.13b)

where 7, € [0, 1] is a step-size, commonly set as 7, = kiw [116]]. Letting G, :=
V& (M,) be the gradient as in (10.12), Frank-Wolfe updates can be expressed

equivalently using spectral densities as:

Mk(z) = (I—”YZIGk(Z))_Q and M, ()= (1—77k)Mk(Z)+77k]\N/[k(Z)a VzeT

(10.14)
where 7;, > 0 solves Tr [((I—ﬁlgk)_l —1)2] =p?. See Section for a closed-
form G,(2).

Discretization: Instead of the continuous domain unit circle T, we consider its
uniform discretization by N points, Ty := {¢/*™N | n=0,..., N—1}. While the
gradient update G, (z) for frequency z is applied to the next iterate M, (z) at that
frequency, calculating G,(z) requires M, (') at all other frequencies 2’ € T due
to spectral factorization involved. Thus, the full update for M, (z) needs M, (z")

across the entire unit circle. This is overcome by finer discretization.

Spectral Factorization: Since the iterates M/, (z) are non-rational spectral densities,
the spectral factorization can only be performed approximately [199]. Specifically,
we employ the algorithm proposed in [[188]] that uses discrete Fourier transform
(DFT) and is based on Kolmogorov’s method of factorization [[132]. This method,
tailored for scalar spectral densities (i.e., for scalar target signals d, = 1), proves
efficient as the associated error term, featuring a multiplicative phase factor, rapidly
diminishes with finer discretization N. Matrix-valued spectral densities can also be
tackled by various other algorithms [58]], [243]]. See Section for a pseudocode

and details.

Bisection: We use bisection method to find the v, > 0 that solves Tt [(I—7;'Gy) ™' —1)?] =
p” in the Frank-Wolfe update (T0.14). See Section for a pseudocode and further

details.
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Remark 10.4.3. The gradient GG,(2) requires computation of the finite-dimensional
parameter via (T10.1T]), which can be performed using N-point trapezoidal integration.
See Section [10.D| for details.

We conclude this section with the following convergence result due to [116], [135].

Theorem 10.4.4 (Convergence of M,). There exists constants d >0, depending on
discretization N, and k>0, depending only on state-space parameters (10.2)) and p,
such that the iterates in (10.13)) satisfy

2K

DM.) = BMy) < =

(1+dy). (10.15)

Rational Approximation using .77_-norm

In the preceding section, we introduced a method to compute the optimal M, (z)
approximately on the unit circle. However, the resulting filtering policy is non-rational
and cannot be realized as a state-space filter. In this section, we introduce a novel
technique for obtaining approximate rational filtering policies. Instead of directly
approximating the filter itself, our method involves an initial step of approximating
the power spectrum M, (z) by a ratio of positive fixed order polynomials, P(z)/Q(z),
to minimize the 77 -norm of the approximation error. After finding a rational
approximation P(z)/Q(z) of M, (z), we compute a state-space controller according

to Equation ((10.8]). For simplicity, we focus on scalar target signals, namely, d, =1.

Concretely, P(z) =" puz " and Q(2) =21 qy2 " are Laurent polyno-
mials of degree m € N with symmetric coefficients p, =p_, €R and ¢, =q_; € R.
In other words, the polynomials P(z) and ()(z) are uniquely identified by m + 1
real coefficients, (py, ..., pmn) and (qo, - - -, ¢,,). Given a positive spectral density
M (z)>0 for z €T, we seek positive polynomials P(z),Q(z) >0 for z€ T of order

at most m € N that minimize the J#_-norm of the rational approximation error, i.e.,

i) P(2),Q(z) > 0forall z € T,

min ¢ s.t. ii) go =1, (10.16)
7 e
G dm€R, iii) max oC) — M(z)‘ <g,

where ¢ > 0 denotes an upper bound on the approximation error. The constraint
¢o=1 eliminates redundancy in the problem since the fraction P(z)/Q(z) is scale
invariant. Unfortunately, the problem (I0.I6) is not convex in all the variables.
Instead, Lemma shows convexity for fixed € > 0.
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Lemma 10.4.5. For a fixed € >0, the constraints (i-iii) define a jointly convex set for

the coefficients.

Proof. The constraints (i-ii) are affine inequalities, hence convex. Constraint (iii) is

equivalent to

P(z) = (M(2) +¢)Q(2) <0, and P(z) — (M(2) —e)Q(z) >0, forall z € T,
(10.17)
which are jointly affine inequalities in (py, . . . p,,) and (qo, - - - ¢,,,), hence convex. H

This result enables us to obtain m™-order rational approximations P(z)/Q(z) of
M (z) with a fixed approximation precision ¢, signifying our tolerance for deviations
from M (z), by solving a convex feasibility problem. Notice that the constraints (i)
and (iii) (eqv. (I0.17)) involve inequalities over the entire unit circle T. Since the
iterative method in Algorithm 8| only returns the values of M (z) on the discretized
unit circle Ty, we can enforce these inequalities in the feasibility problem only for
T,. While being an inexact approximation for (ii), it is an exact characterization

for (i) as long as N > 2m by the Nyquist-Shannon sampling theorem [205]. See
Section for a pseudocode.

Utilizing a convex feasibility oracle, our method can be used in two operational

modes:

1. Fixed order, best precision: By iteratively reducing the precision € we can
revise the e-feasible polynomials P(z), Q(z), effectively solving the non-

convex problem (T0.16) to obtain the best 7m™-order rational approximation.

2. Fixed precision, least order: In contrast, we can seek the lowest degree

rational approximation, which achieves a fixed precision €.

Theorem 10.4.6. The spectral factorization U(z)*U(z) = P(2)/Q(z) of a de-
gree m rational approximation P(z)/Q(z) admits a rational factor U(z). Fur-
thermore, the filter obtained from U(z) using (10.8), ie., K(z) = K, (2)+
Uz)™! {U(){ K (2)A(2)} -}, A(z)™ is rational and can be realized as a state-

space filter as highlighted below:
= F¢ + Gy,
Ctil NCt Nyt (10.18)
Sy = HG + Ly,

where ¢, € R™% is the filter state, and (ﬁ, G, H, Z) are determined from (A, B, C,, C,)
and U (2).
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10.5 Numerical Experiments

In this section, we compare the performance of finite and infinite horizon DR-KF
filters with H,, H filters, and other DRKFs [203]], [153]. Our evaluation includes
both frequency-domain and time-domain analyses, highlighting the effectiveness
of the rational approximation method. The nominal distribution is assumed to
be Gaussian with zero mean and identity covariance. Our results demonstrate
that our DR-KF (in the finite and oo horizon) provides significant advantages over
other DRKFs regarding stability, computational speed, and error reduction. The

experiments were performed on a M1 Macbook Air with 8 GB of RAM.

Frequency Domain Evaluations LA

We study a typical tracking problem whose state-space model is A = )

]

B = [O At] T,Cy = [1 0} , Uy = 1 where the state corresponds to the position
and velocity, the process noise is the exogenous acceleration, and At is the sampling
time. We plot the frequency response of our DR-KF using the metric | T (e*)|* =
o(Ty ()T (e’)), where o is the maximal singular value. We compare it to
the classical H, (KF) and H_, (robust) filters. Figure shows that the DR-
KF interpolates well between the H, (KF) and H_, (robust) filters. Figure [10.1b]
illustrates the worst-case expected MSE. For smaller 7, the DR-KF performs similarly
to the H, (KF) filter, while for larger r, its worst-case MSE approaches that of the
robust filter. Overall, the DR-KF achieves the lowest worst-case expected MSE for
any r. We investigate the behavior of the rational approximation across various
values of the radius r. The results for degrees m = 1,2, 3 are given in Table[10.1].
Approximations of order greater than 2 achieve an expected MSE closely matching

the non-rational DR-KF for all values of r.

Expected MSE

(a) Frequency response for the tracking i
problem. (b) Worst-case expected MSE.

Figure 10.1: DR-KF versus the ‘H,, H . filters and the variation of the expected MSE
with r.
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| [r=001] r=1 [ r=3 | r=5 | [ [[ T=10 [ T=50 | T=100 | T=1000 |
DRKF [[ 0.7870 | 3.4948 | 14.842 | 34.110 DRMC 329s | NAN | NAN | NAN
RA(D) 0.7871 | 3.5818 | 15.954 | 38.327 Our DRKEF (finite) 0.65s | 7.3s | 1949s | NAN
RAQ2) 0.7870 | 3.4948 | 14.844 | 34.124 Our DRKEF (infinite) || 6.6s | 6.6s | 6.65 6.6s
RA(3) || 0.7870 | 3.4948 | 14.834 | 34.024

Table 10.2: The running time (in

Table 10.1: The worst-case expected MSE seconds) of different filters for
of the non-rational DRKF, compared to the the system in section The
rational filters RA(1), RA(2), and RA(3), DRMC is inefficient for T> 10, our
obtained from degree 1, 2, and 3 rational DRKEF (finite) is inefficient for T>
approximations to U (e’*), for the system 50 while our oo horizon DRKF
in Section[10.5} can run for any horizon.

Time Domain Evaluations
We assess the time-domain performance of both infinite and finite horizon DR-KF

filters, comparing them with H, and H_, counterparts on the tracking problem
introduced in Section[I0.5] The average MSE over 50 time steps, aggregated across
1000 independent trials, is plotted. In Figure[10.2al under white Gaussian noise, the
H, (KF) filter outperforms others. Figures[10.2b|and [10.2c| correspond to correlated
Gaussian noise and the worst-case noise for the finite horizon DRKEF, respectively. In
Figures [10.2b]and [10.2¢] the DRKF outperforms the classical filters, and the infinite
horizon DRKF matches the finite horizon one. As we increase the time horizon,

solving the finite horizon SDP becomes computationally infeasible, underscoring the

advantage of the infinite horizon DRKF.

[+-DR KF, o0 Horizon|
DR KF, SDP
H2

age MSE

[~-DR KF, co Horizon|

@ ~
a B
=08 DR KF, SDP :
F H2 N
Sosl ~—Hinf ]

10 20 30 40 50 10 20 30 40 50

pime pime (c) Worst noise for DR-KF,
(a) White noise (b) Correlated Gaussian noise SDP

[~-DR KF, o Horizon|
0.6 |-DR KF, SDP
H2

|~Hinf

Figure 10.2: The average MSE of the different filters for the tracking problem, under
(a) white noise, (b) correlated Gaussian noise, and (c) worst-case noise for the finite
horizon DR KEF for the system in Section While the H, filter (KF) performs
best in (a), it behaves poorly in (b), (c). The DRKF achieves the lowest error in (b)
and (c), and the finite and infinite horizon achieve similar average MSE at the end of
the horizon.

Comparison to the DRKEF in [203]
We first compare against [203]] which assumes the states and measurements to be

in a Wasserstein neighborhood around a nominal at each time step, robustifying
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immediately against model uncertainties. Authors in [203] don’t consider noise
correlations across time steps, their problem setup is in the finite-horizon, and
they use the Frank-Wolfe algorithm to efficiently solve the problem. The system
0.9802 0.0196 + 0.099A] o

matrices that they consider is given by A =
0 0.9802
[1.9608 0.0195

, B:[ 0 }, C:[l —1},Cszl,andArere—
0.0195 1.9605 V@ 02 v P

sents a scalar uncertainty (taken to be 1 as in [203]). We compare the performance
of our infinite-horizon DRKEF to [203] in Figure[I0.3]under Gaussian noise. The plot
shows that our DRKF outperforms [203]] and has a more stable performance, even
though we are disadvantaged in two ways: 1) our filter isn’t explicitely designed for
model uncertainties, 2) since we only consider estimations of linear combination
of the state (C, is a row vector), we get the total MSE from 2 different runs with
C,= [1 O} and C, = [O 1} , which is suboptimal.

251

}
\
4

=)

o

Empirical error (dB)

o

filter (Infinite Horizon)
W stein filter

10° 10 102 103
time step

(a) Average MSE in dB under Gaussian
noise.

Figure 10.3: Average MSE for the KF, our DRKF, and the DRKF from [203], for
system in section @

Comparison to the DR estimator of [153]
We contrast our approach with that of [153], termed linear quadratic estimator under

martingale constraints (DRMC). Here are the key comparisons: 1) DRMC, akin to
our approach, considers noise within a Wasserstein neighborhood around a baseline,
allowing for correlations between process and measurement noise (achieved through
a martingale sequence constraint). 2) DRMC assumes the process noise is sampled
from the baseline and doesn’t lie in the Wasserstein ball, a more restrictive assumption
compared to ours. 3) DRMC’s problem formulation is in the finite-horizon, claiming
to have an efficient converging method to solve it. With a horizon of 7" = 10, they test
their approach on a simple 1D system (A = B = (), = C; = 1) , which we also use

for comparison. For r = 0.2v/T and under the worst-case noise for our finite-horizon
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DRKEF, the average MSE for DRMC is 0.86, closely matching our finite-horizon
DRKEF at 0.86 and our infinite-horizon DRKF at 0.88 at 7" = 10. For the same r =
under the worst-case noise of DRMC, the average MSE for DRMC is (.78, close to
our DRKEF (0.81 for the finite-horizon and 0.83 for the infinite-horizon at 7" = 10).
This shows that using the infinite-horizon controller for short horizons does not
significantly compromise performance. Similar results are observed for other values
of r. While the performances in this simple example are comparable, our filter is
anticipated to excel for higher-diemsnional systems, due to its explicit consideration
of robustness over process noise. However, our DRKFs outshine DRMC in efficiency.
DRMC takes 32.9 seconds for 7' = 10, and becomes computationally infeasible
beyond that. Our finite-horizon DRKF is faster and efficient up to 7" = 50, and our
infinite-horizon DRKF remains unaffected by the time horizon. For details, see Table
10.2]

10.6 Conclusion
The main limitation in our work is that our H-rational approximation method is
limited to scalar target signals (i.e., C is a row vector). Future work will address

this limitation.

10.A Additional Discussion on the Problem Setup
Explicit Form of Finite-Horizon Model in (??)
The causal linear measurement model for the finite-horizon case in (??) can be stated

explicitly as follows:

Wl [ G, 0 0 o 0 a1 ool

n c,A C,B 0 .0 W, o

v | = |C,A*  C,AB c,B ... 0 w, | + v | (10.192)

yr c,A" c,A"'B c,A™’B . C,B| |wra vr

jyr] L . 4 ] L7

y Hr W v
e 0 0 o 0] [ g ]
51 C,A OB 0 .0 m
s, | = |C,A*  C,AB C.B ... 0 w, (10.19b)
St c, AT C,A"'B C,A™*B . C,B| |wry

S LT w
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A similar construction of H; and L4 for time-varying systems can be performed
by replacing the causal block elements of H, and L4 with appropriate coefficients

derived from the time-varying dynamics.

10.B Proofs of Theorems Related to Finite-Horizon Filtering
Proof of Theorem [10.3.1]

Before we proceed with the proof, we first state the following useful deifnitions and

results.

Definition 10.B.1 (Bures-Wasserstein distance [20]). For any two psd matrices

2,29 € Si, the Bures-Wasserstein distance between them is defined as follows:

1/2
BW(X,, 5,) 2 \/Tr {21 FY, -2 (2}/2222}/2) } . (10.20)

Definition 10.B.2 (Gelbrich distance [78]). For any two distributions P, P, €
W(Rd) with means 11, 1, € R? and covariances %, %, € Si, respectively, the
Gelbrich distance between them is defined as follows:

G(P1, Py) 2 /a1 — pioll® + BW(E,, 5, (10.21)

Lemma 10.B.3 (Gelbrich bound [[78, Thm. 2.1]). Consider two distributions
P,,P,e & (Rd) with means i1, iy € R? and covariances 2,29 € Si, respectively.
The W,-distance between them satisfies

W, (Py, Py) > G(Py, IPy), (10.22)
where equality is attained if both P, and P, are Gaussian distributions.

Lemma 10.B.4 (Causal MMSE of Gaussian [[120]). Suppose the disturbances are
distributed as Gaussian, i.e., & ~ N (pp, Xp) with mean pr € =1 and covariance

Y. Consider causal mean-square estimation of s fromy,, i.e.,

inf E[|ler(&r, mp)[°] - (10.23)

T EHT

Then, there exists a causal (block lower-diagonal) matrix K} and a vector by, such

that the optimal causal estimator . : yr v+ Sy is affine with the following form:

Sp = Ky, + b (10.24)
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Proof of Theorem[10.3.1;  Clearly, we have the following weak duality,

sup inf Ep_ [HeT(ﬁT,WT)HQ} < inf sup Ep,. [HeT(ET,WT)HQ} .
Pr Wy (Pr,pr) Tr€llr mp€lly Predy (Pr,or)
(10.25)

Let 37 > 0 be the covariance of the nominal distribution P7.. We start by bounding
the lhs of (10.23) as follows:

—~

a

sup inf Ep [”eT<£T77TT)H2] < Sup inf Ep, [HeT(fTﬂTT)HQ] )
Pre#/r(Pr.pr) Tr€llr G(Pp,P7)<pp Tr€lr

N2

(10.26)

(b) . )

< sup inf Bp, [ller(ér,Kp)[7],  (10.27)
G(Pr,Pr)<pr Kr€ir

= sup inf Ep_ [&T¢, Tx, 1] (10.28)

G(Pp,P7)<pp Kredr

= sup inf Tr(7¢, T, Ee, [6r€7]) , (10.29)

G(Pp,PT)<pp Kredr

= sup inf Tr (77C*T WCTET) , (10.30)
BW(Sp,7)<pp Kr€AT
where (a) follows from the Gelbrich bound (Lemma [10.B.3), (b) follows from
Hp C Iy, (c) follows from linearity of cyclic property of trace and the linearity of
trace and the expectation, (d) follows from the definition of the Gelbrich distance
(Definition . Note that, we can in general take the distributions involved to
be zero-mean since any non-zero mean can be incorporated as an additive constant
to the estimator, canceling the mean. Therefore, without loss of generality, we can

restrict ourselves to zero-mean disturbances and linear estimators (instead of affine).

Following a similar reasoning, we obtain the following upper bound on the rhs of

(10.25),
inf sup Ep,. [||eT(£Ta 7TT)||2} < inf sup Tr (77C*T776TET) .
7€l P e (P pr) Kredr BW(S7,27)<pr

(10.31)
Notice that the objective in the right-hand side of (10.31) is affine in 3 (hence

concave) and quadratic in /O (hence strictly convex whenever ¥4 > 0). Furthermore,
the constraint set %7 is affine, and the constraint BW (X, 37) is convex [20].
Therefore, we have the following minimax duality.

inf sup Tr (T, T, Xr) = sup inf  Tr (7, T, ) -

Kreltr BW(Zp,259)<pp BW(Zr,27)<pp Kr€ir

(10.32)
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We denote the saddle point of (10.32)) by (K7, 7). Notice that, when the nominal
distribution is Gaussian P7 := N (0, X7), the Gaussian distribution P7 :== A/ (0, X7,)
and the causal estimator 77 := K7 achieve the upper bound (10.30) with equality.
Thus, from (10.25)) and (10.31)), we obtain the desired result. [

Proof of ??
Before we proceed with the proof, we state the following result, which is the backbone
for both ?? and Theorem[10.3.4

Theorem 10.B.5 (Strong Duality in the Finite Horizon). Let the horizon T' >0 be

fixed and K be a given estimator, which can be non-causal in general. Under the
Assumption the finite-horizon worst-case MSE (2?) suffered by Kr, i.e.,

Er(Kr,pr) = sup EIPT [E?Wé‘ﬂkﬁﬂ ) (10.33)
Pre¥yr(Pr,pr)

attains a finite value and is equivalent to the following dual problem:

Er(Kr, pr) = inf Yo+ T [(Zr = v T, T, = I st AZp = Tie, Ti,
7>

(10.34)

Furthermore, the worst-case disturbance, £, can be identified from the nominal

disturbance, &7, as
& = (Tr =7 T, Ty ) &2 (10.35)

where 7, is the optimal solution of (10.34) and solves the following equation uniquely:
Tr [(Zr — % T, Tiy) ™ — Ir)?] = o7 (10.36)

Proof. The proof follows closely from [219, Thm. 2 & 3] (and also from [89, Thm.
IV.1]) by replacing the matrix C'in Thm.2 of [219] with 77C*T Tk, In that case, we
get that

ET(]CTapT) = igg VP%""W Tr [(IT - 771775}77%)71 - IT} s.t. YLy - 775T77€Ta
v>
(10.37)

and the characterization of the optimal solution ~, > 0 as
Tr [(Zr — %' T, Tier) ™ — Ir)?] = pi- (10.38)

Notice that and (10.38) involve the term 7y 7y, whereas the desired
formulations in (10.34) and (10.36)) involve the term 7., 77C*T. To obtain the desired
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formulations, we appeal to matrix inversion identity, i.e.,
(Zr =¥ ' T8, Ty ) = Tr + T, (VIr — T, T Ty (10.39)
=Zr +7 T, (Tr =7 T, Te,) Ty (1040)

where the exact block dimensions of the identity operator Z differ depending on

where they appear and should be inferred from the context. We can evaluate the trace

in (T0.37) involving Ti¢ Tx.. as

Tr (T — v T, Tey) " —Zr) = T [Zp + 4 T8, (T — v T, Tin) " Tiep — Ir]
(10.41)
ﬂﬂ*&@~*mﬁJ%Jumm
=Tr [(Zr — v ' T, T, T, Ty ] 5 (10.43)

where (10.41)) is by (10.40), and (10.43)) is by the cyclic property of trace. Noting
that the condition yZy = Ty Ti, is equivalent to vZy > T Tg,., we expand
(Zy — 7*1’77% Ti, )" in (T0.43) by the following Neumann series:

o0

(Tr 7' T, T =S (7 T, TR (10.44)

k=0

Thus, the expression in (10.43)) can be written equivalently as

T [(Zr — 7' T, Ty T Ty = T | (7177CT77C*T>k+1] . (1045)
Lk=0

=Tr |3 (7_177@77%})1 , (10.46)
Lk=1

=Tv [(Zr =7 T, Té,) " —Ir] s (10.47)

giving the desired expression in (10.34). The desired expression in (10.36) can be

obtained easily following similar algebraic manipulations. [

Proof of ??: Let KCr be a given estimator, which can be non-causal. We have that

HrKr — L7
7;CT77€T == [’CTHT - 'CT ICT] T T* T] 5 (1048)
Kr
= (KeHr — Lp)(KrHe — L) + KoK, (10.49)

D Ky — K9)(Tr + HoH) (K — K9V + Lol — K (T + He ) (K3
(10.51)
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where K5 = Lo Hr(Zr + HyHy) ™ and (a) is obtained from completion of squares.

Moreover, observe that

Tio Tes, = LoLr — K(Zr + He My ) (K7)", (10.52)
= Lol — LoHA(Tr + My ) Hp Lo, (10.53)
= Lo(Tp — Hip(Tp + HoHy ) He) Lo, (10.54)
o Lr(Ty + HyHe) " L7, (10.55)

where (b) follows from matrix inversion identity.

Thus, we have that

Ty T = (Ko = K) Ty + Mo i) 0 = K7)" + Ty T, = Ty Ty, (10.56)

T

Now, consider ?? without the causality constraint on the estimator. Using the strong
duality result in Theorem we can express ?? equivalently as

inf inf yp7 + 7 Tr [(Zr — 7 ' T, T6,) " —Ir] st vIp = Tee, T, (10.57)
720 Kr

Fixing v > 0, we focus on the subproblem

i’?fvTr (Zr — v ' T, T, st e = T, T5, (10.58)
T

Using the identity in (10.56]), we can rewrite (10.38) in terms /C7- as follows

inf 7 Tr | (1Zy — (Ky — K§)(Zr + HoH)(Kr —K3)' = Tes T) | 592 = T, T

Since the mapping X +— (Z — X )71 is operator monotone, the minimum over Cr is

attained by X7 and the optimal value is given by the following optimization:

inf yp2 + 4 Tr [(ZT A T T =T st ATr - TeeTre. (1059)

720

Proof of ??

Proof. Using the strong duality result in Theorem [10.B.5| we can express ??

equivalently as

inf y(ph — Te(Zp) +9° T [(0Tr = T, T '] st AZp = Te, T,
Y=
Krex

(10.60)
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Notice that we can express the rhs as

vV Tr [(VZr — T, TR,) ] = inf Tr(Xr) st Xp =V (VTr — T, Ti, )
T
(10.61)

Using the Schur complement, we can rewrite the constraint X7 = 72(71T —

T, Ti,) " as

(10.62)

X T
T VLT = 0,
YLy vIp — 77CT77<T

where we used the fact that yZr >~ Ty Ty, . Using the identity in (I0.56), we can
rewrite the matrix inequality (10.62) as
Ar YLy _

Yir vIr — 776%77;% (Kr — K1)

(Tr+HoHi) [0 (Kp—K5)7] = 0.

(10.63)
As (Zp+HyHr) > 0, by Schur complement theorem, we can reformulate the matrix

inequality above as

XT ’YIT 0
VIr LT T Ke=Ki | 0. (10.64)
0 (Kr=K7)"  (Zr +HTH})_1

10.C Proofs of Theorems Related to Infinite-Horizon Filtering
Proof of Lemma 10.3.3

Theorem 10.C.1 (Strong Duality in the Infinite-Horizon). Let K be a linear and
time-invariant estimator (which can be non-causal in general) with bounded
norm. Under the Assumptions [10.2.1) and [10.3.2] the infinite-horizon worst-case
MSE (10.4)) suffered by K, i.e.,

. 1
E(K,p) =limsup—~  sup  Ep, [[er(&r,K)|*], (10.65)

T—o0 Pre#r(Pr,pr)

attains a finite value and is equivalent to the following dual problem:
E(K, p) = inf~p® +~Tr (Z - YT T — I] st A= TcTe. (10.66)

v>0

Furthermore, the worst-case disturbance, §,, can be identified from the nominal
disturbance, &, as
& = (T -7 TiTe) 6o, (10.67)
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where 7y, is the optimal solution of (10.66) and solves the following equation uniquely:
Tr [(Z - %' TeT0)™ —I)°] = p°. (10.68)

Proof. The proof of this result closely tracks the proof of Thm. 5 in [125] By
replacing Cy- in the proof of Thm. 5 in [125] with T 7. |

Proof of Lemma [10.3.3] : The proof follows closely from the proof of ?? in
Section Let C be linear time-invariant estimator, which can be non-causal,
with bounded .77 norm. We have that

TcTe = (K= Ko) (@ +HH) K = Ko)" + T, Tie, = T, Tx, (10.69)

where KC° == LH*(T + HH") ™" and Tos Ty = L(T + H'H) 'L

Now, consider Problem [10.2.2| without the causality constraint on the estimator.
Using the strong duality result in Theorem [I0.C.1] we can express Equation (10.5)
equivalently as

inf infyp* + yTr [(Z — v ' T T¢) ' —Z] st AL = TeTx. (10.70)

>0 K

Fixing v > 0, we focus on the subproblem
infyTr [(Z -~ TcT)'] st AT = T Tx. (10.71)
K

Using the identity in (10.69)), we can rewrite (I0.71) in terms /C, as follows

inf 7* Tr [(vZ — (K — K)(Z + HH)(K = K)" = Te T )] st 2T = T TR
K

Since the mapping X — (Z — X )71 is operator monotone, the minimum over K is

attained by K, and the optimal value is given by the following optimization:

inf yp® + v Tr (T — 7' T, Te) " —I] st AT = Te. Tk, (10.72)

720

Proofs of Theorem[10.3.4 and Corollary
Lemma 10.C.2 (Wiener-Hopf Method [[120]). For a bounded and positive definite
Toeplitz operator M = 0, let M — ®(M) be a mapping defined as

P(M) £ ’Clélf{/ Tr (T TeM) . (10.73)
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Denote by M = U"U and AN" = T + HH" the canonical spectral factorizatiomﬂ

where U, A as well as their inverses U, A~ are causal operators. The following

statements hold:

i. The optimal causal solution to (10.12)) is given by
K=U"{UKAY, A =Ky + U {ULKAY_}, AT (10.74)
where IC = {K A}, A" is the Kalman filter.
ii. The function ® can be written in closed form as
O(M) = Tr [{UKA}_ {UKAY ] + Tr (T, Te, M), (10.75)
where Ty Te. = L(Z+H'H) ' L".
iii. The gradient of © has the following closed form

VO(M) =T Te =U  {UKAY {UKAY U + T T, (10.76)

Proof. Using the identity (10.69) and the cyclic property of Tr, the objective can be

written as,

inf Tr[(K — ) AA™ (K — KC,)"M] = inf Tr[(KA — K,A) (KA — KA UU]

Kex Kex
(10.77)
= inf inf Tr[(UKA —UKA)UKA —UK,A)Y]
Kext Kex
(10.78)
= inf |[UKA —UKA|?, , (10.79)
Kex e
where || - ||, represents the 7% norm. Since A, K and U are causal, and UK A

can be broken into causal and non-causal parts, it is evident that the (causal) filter
that minimises the objective is the one that makes the term UKA — UIC, A strictly
anti-causal, cancelling off the causal part of AKX, L. This means that the optimal

filter satisfies,

UKA = (UK, A}, . (10.80)

*The canonical spectral factorization is essentially the Toeplitz operator counterpart of Cholesky
decomposition of finite-dimensional matrices.
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Also, since /' and A™ are causal, the optimal causal filter is given by

K=u"'{UK,A}, A (10.81)

Furthermore, using the identity K, A = {K A}, + {,A}_, we get
K=U"{U{KA}}, AT + U {U{K,AY_}, AT (10.82)
=UTU{K AL AT + U UK AY Y AT (10.83)
= {K A} AT + U {U{K,AY }, AT (10.84)

Plugging this solution to 7 7¢, we get

TeTe = U (UKA — UK A)UKA — UK AU + T, Te (10.85)
= U ({UKAY, —UKA) (UK AY, — UK AU + T, Te,, (10.86)
=U {UK A} {UKAY U™ + T Ti.- (10.87)

Then, the objective becomes

Te(Te Te M) = Te(U ' {UK A} {UKAY U M) + Te (T TE M), (10.88)
= Tr({UK, A} {UKAY) + Tr(Te, TE. M). (10.89)

Finally, by Danskin theorem [43]], the gradient of ® is simply 7,7 evaluated at the
optimal /C as given in (10.87). [ |

Lemma 10.C.3. Ler v > infy. , | Tic||% be fixed. Then, we have the following

duality
inf ~Tr [(1—77177@775)71 —TI]=sup inf Tr(Tc T M)—y Tr <M—2vM+I> .
Kex, M0 Kext
’YI>T/CT/€

(10.90)

Proof. The convex mapping X — Tr X for X >0 can be expressed via Fenchel

duality as
Tr(x™), ifX =0
sup — Tr(XM) +2Tr(VM) = () (10.91)
M0 ~+00, 0.W.

Using the identity (10.91)), we rewrite the original problem as,
inf sup Tr(TTe M) —~Tr (/\/l —2VM + I) : (10.92)
Ket M0
Notice that, the objective above is strictly convex in K and strictly concave in M.
Furthermore, the primal and dual problems are feasible since v > inf. , || Txc||%.

Thus, the proof follows from the minimax theorem. [ |
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Proof of Theorem Consider Problem|[10.2.2] Using the strong duality result
in Theorem [I0.C.1] we can express Equation (10.5) equivalently as

inf inf 70> + Y Tr (T — v ' TeT8) " —Z] st AZ =TT, (10.93)
>0 Kex

Fixing v > 0, we focus on the subproblem
infyTr [(Z—~ ' TcTe)" —Z] st AT =TTk (10.94)
K

Using Lemma [[0.C.3] we can reformulate (10.94)) as

sup inf Tr(TeTeM)—~ Tr (M—Q\/MJrI). (10.95)
M=0Kext

Thus, the original formulation in (10.93)) can be expressed as

inf sup inf Te(TTEM) +7 (= Tr(M—2VM+1)) . (1096)

>0 M=0 Kex”
Note that the objective above is affine in v > 0 and strictly concave in M. Moreover,
primal and dual feasibility hold, enabling the exchange of inf. -, sup \(, o resulting in

sup inf inf Tr(TTe M) + v <p2 — Tr(M — 2V M + I)) , (10.97)

M0 Kex v>0

where the inner minimization over ~y reduces the problem to its constrained version
in Equation (10.7).

Finally, the form of the optimal KX, follows from the Wiener-Hopf technique in
Lemma[I0.C.2)and the optimal v, and M, can be obtained using the strong duality

theorem in (10.C.1).

Proof of Corollary[10.3.5: This result follows immediately from the finiteness of
the time-averaged infinite-horizon MSE.

10.D Additional Discussion on Frequency-domain Optimization Method

Pseudocode for Frequency-domain Iterative Optimization Method Solving
Equation (10.7)

Frequency-Domain Characterization of the Optimal Solution of Equation (10.5)
We present the frequency-domain formulation of the saddle point (K, , M, ) derived
in Theorem [10.3.4] to reveal the structure of the solution. We first introduce the

following useful results:
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Algorithm 8 Frequency-domain iterative optimization method solving Equa-
tion ((10.7)
1: Input: Radius p > 0, state-space model (A, B, C,, C;), discretization N > 0,
tolerance € >0

2
k+2

Compute the spectral factor U,(z) < SpectralFactor(M,) (see Sec-

tion [[0.D))

8: Compute the parameter I'j < %ZZGTN Up(2)C(I — 2A)™" (see Sec-
tion [10.D))

9:  Compute the gradient for z € Ty (see Section [10.D)

Gr(2) + Up(2) ' Tw(I-2A) " BB (I—2zA) " TiU () + Tk, (2) Tk, (2)°

Set the step size 7, <

2: Compute (A, B, C) from (A, B, C,, C,) using (T0.106)

3: Generate frequency samples T == {eﬂ””/N | n=0,...,N—1}
4: Initialize My(z) <— [ for z € Ty, and k < 0

5: repeat

6:

7:

10:  Solve the linear subproblem (I0.13a)) via bisection (see Section [[0.D)
]T/[/k(z) < Bisection(Gy,p,€) for z € Ty.

11 Set My 1 (2) < (1 — 1) M. (2) 4+ nuM,,(2) for z € Ty.

12:  Increment k < k+ 1

13: until || My — M| /|| M| < e

14: Compute K (z) < RationalApproximate(M, ) (see Section[10.D)

Lemma 10.D.1 ([101, pg. 2611). Given H(z) == C,(zI — A)"' B, consider the
canonical spectral factorization A(2)A(2)"I + H(2)H(2)" for z € T. We have that

A(2) = (I +C,(zI — Ay Fp)RY?, (10.98)
A2y = RVA(I — Cy (21 — Ap) ' Fp), (10.99)

where R, == I +C,PC;, Fp = (APC;)R,', Ap = A—FpC,, and P is the unique
positive semidefinite solution to the following discrete algebraic Riccati equation
(DARE)

P = APA" + BB* — FpR.Fp. (10.100)

Denoting by M, (z) and Tx (z) the transfer functions corresponding to the optimal

M, and Ty, respectively, the optimality condition in (10.8) takes the equivalent
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form:
LM, (2) = (I =4 Ty ()T (2)) ", (10.101a)
ii. Ty, (2)T, (2)" = U, (2)" {US}_(2) {US} () Up(2) " + T, (2) Tk, (2)",
(10.101b)
jii, Tr [((I M ()T (2)) 7 — 1)2} s (10.101c)

where S = {K,A}_ is astrictly anticausal operator and U, ( z) is the transfer function

corresponding to the causal canonical factor U/,

The transfer function corresponding to the operator S takes a rational form as
S(z)=C(z"'I - A "B, (10.102)

where (A, B, C) are determined by the original state-space parameters (A, B, C,, Cy).
The following lemma explicitly states this result.

Lemma 10.D.2 ([101}, pg. 261] and [193, Lem. 6]). We have that
KA =KprA+S, (10.103)

where K y, is the nominal causal 7 (aka Kalman) filter and S = {K,A}_ is
strictly anti-causal. Furthermore, the corresponding transfer functions take an

explicit form as highlighted below

K 4, (z) = C,PC} R, + C,(I — PC;R,'C,)(2I — Ap) ' Fp, (10.104)
S(2) = CLPAR(z T — Ap) ' Co RV, (10.105)

where P, R,, Fp, and Ap are defined as in Lemma

Thus, we have that

>

A2 A, B2COR'?, CT2C,PAp. (10.106)
Notice that for a causal U (z) and strictly anti-causal S(z), the strictly anti-causal part
{U(z)S(z)}_ may not have any poles from U(z), and all of its poles must be from
the strictly anti-causal S(z). This observation is formally expressed in the following

lemma.
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Lemma 10.D.3. Let U be a causal and causally invertible operator, which can be
non-rational in general. Then, the strictly anti-causal operator {US}_ admits a

rational transfer function, i.e.,

{USY (2) =T(z'1 - A)"'B, (10.107)

where -
ra o U()C(I — ™A dw. (10.108)

T J—n

Proof. Consider the z-transform expansions of U(z) and S(z):

U()=Y U=, and S(z)=Y CA B, (10.109)
k=0 =0

where the time-domain coefficients U}, can be derived from the Fourier series integrals

as

A._l 4
Ko -

Multiplying U(z) and S(z) and taking the strictly anti-causal parts, i.e., terms with

U(e™)e’ dw. (10.110)

positive powers of z, we get

{U(2)S(2)}_ = {(i ﬁkzk> (iﬁzl Ele) } : (10.111)

k=0 =0
_ (Z ﬁ,ﬁz’“) (ZZZ Ez”l) , (10.112)
k=0 =0
=T(z'T—A)"B, (10.113)

where I' = 32 U .C A" which can be expressed as an integral
1 K

:% ;.

r U()C(I — A dw. (10.114)

using Parseval’s theorem. |

Proofs of Lemma [10.4.1)and Corollary [10.4.2]

Proof of Lemma([10.4.1; Using Lemma[10.D.3] the frequency-domain optimality
equations (T0.10T]) can be reformulated explicitly as follows

i M,(2) = (I =7 Ty ()T (2)") 7, (10.115a)
ii. T (2)Tx (2) =U, (2) ' T,(I—2A) " BB (I—-2zA) " TiU, (2) "+ Tk () Tk (2)",
(10.115b)

iii. Tr [((I T ()T (2)") — 1)2} = (10.115¢)
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where | g
r,2 o / U, (e?)CO(I — A dw, (10.116)

™ —T
and (A, B, C) are as in (TI0.106)). This gives us the desired result. [

Proof of Corollary|10.4.2; Define S, (z) := I',(I—zA)" B for notational conve-
nience. We rewrite the optimality conditions in (10.115)) as

i (U (2) U (2) " = T =4 T (2)Tk (2)" (10.117)
ii. Tie (2)Tx, (2)" = U (2) 7 Su(2)8,(2) Un(2) "+ T, (2)Tx, (2)° (10.118)

By plugging ii. into i., we get

0=1- (U*(,z)*U*(z))_l/2 —~;t (U*(z)_IS*(z)S*(z)*U*(z)_*—l—TKO(z)TKO(z)*) =0,
(10.119)

Multiplying by U, (z) from the left and by U, (z)" from the right, we get
0= U*(Z)U*(z)*—(U*(Z)U*(Z)*)l/Q—’y;l (S*(Z)S*(z)*+U*<Z)TKO(Z)TKO (Z)*) U*(Z)*,

which can be written further as

(1T (S @8 U (T () UG )

(10.120)

U.(2)U.(2)

Notice that while S, (2)S,(z)" is rational, the expression above involves its positive
definite square root, which does not generally preserve rationality, implying the

desired result. [ |

Additional Discussion on the Computation of Gradients
By the Wiener-Hopf technique discussed in Lemma [I0.C.2] the gradient G, =
V& (M) can be obtained as

Gi(2) = Up(2)  {UKAY_ (2) UK A} (2)' U™ + Ty Tie,,  (10.121)

where U, U,, = M, is the unique spectral factorization. Furthermore, by Lemmal|10.D.3|
we can reformulate the gradient GG,(z) more explicitly as

G(2) = Up(2) 'TW(I—2A ' BB (I-2AY"T3U * + Tk Tre.,  (10.122)

where

r2 o [ OO - ey (10.123)

—T
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Here, the spectral factor U, (z) is obtained for z € T by Section Similarly,

the parameter [';, can be computed numerically using the trapezoid rule over the

discrete domain Ty, ie.,

T}, « L > Up(2)C(I - zA)™. (10.124)

Noting that Ty T is rational and depends only on the system, the gradient G (2)

can be efficiently computed for z € T .

Implementation of Spectral Factorization

To perform the spectral factorization of an irrational function M (z), we use a spectral
factorization method via discrete Fourier transform, which returns samples of the
spectral factor on the unit circle. First, we compute A(z) for z € T, which is defined

to be the logarithm of M (z), then we take the inverse discrete Fourier transform A,

fork =0,..., N — 1 of A(z) which we use to compute the spectral factorization as
N/2-1 1
—k n
Uz) ¢ exp | 5o+ ; Mz + 5 (1) A
fork=0,...,N — 1 where z,, = ¢/>™/N

The method is efficient without requiring rational spectra, and the associated error
term, featuring a purely imaginary logarithm, rapidly diminishes with an increased
number of samples. It is worth noting that this method is explicitly designed for

scalar functions.

Algorithm 9 SpectralFactor: Spectral Factorization via DFT

1: Input: Scalar positive spectrum M (z) > 0 on Ty := {e/*™~ | n=0,...,N—
1}

2: Output: Causal spectral factor U(z) of M (z) > 0on Ty

3: Compute the cepstrum A(z) < log(M(z)) on z € Ty.

4: Compute the inverse DFT
A < IDFT(A(2)) fork = 0,...,N—1

5: Compute the spectral factor for z, = e/>™/V

N/2-1
1 n
U(z,) < exp 5)\0+ ; /\kznk+§(—1) Az |, n=0,...,N-1
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Implementation of Bisection Method

To find the optimal parameter -, that solves Tr [((I G =1 )2} =’ in the
Frank-Wolfe update (10.14)), we use a bisection algorithm. The pseudo code for the
bisection algorithm can be found in Algorithm|[I0] We start off with two guesses of v
i.e.(Yest> Vright) With the assumption that the optimal + lies between the two values

(without loss of generality).

Algorithm 10 Bisection Algorithm

1: IDPUt: P)/rightvf)/left
2: Compute the gradient at v,;gn: grad_Y,ign

3: while | P)/'right - ’yleft ‘> e do
4:  Calculate the midpoint v,,,; between 7. ¢, and 7,45

5:  Compute the gradient at 7,,,;4
6:  if the gradient at v,,,, is zero then
7: return v,,;; {Root found}
8:  else if the gradient at +,,,;; is positive then
9: Update Vright 0 Vimid
10:  else
11: Update ;e py 10 Vpnid
12:  end if

13: end while
14: return the average of ., and 7,;,,, { Approximate root}

Proof of Theorem [10.4.4]

Our proof of convergence follows closely from the proof technique used in [116]]. In
particular, since the unit circle is discretized and the computation of the gradients
G},(z) are approximate, the linear suboptimal problem is solved up to an approxima-

tion, 0, which depends on the problem parameters, and the discretization level V.

Namely,
Tr(VO(M) My > sup TH(VO(M)M) — by (10.125)
where
Q, = {M = 0| Tr(M - 2V M + 1) < p}, (10.126)

Therefore, using Theorem 1 of [116], we obtain

2K
k+ 2

D(M,) — D(M,) < (1+dy). (10.127)



253

where
2 / /
K= sup = (Tr(M'VE(M)) — &(M)). (10.128)
MMe,
n€l0,1]

M =M4n(M-M)

Implementation of Rational Approximation

We present the pseudocode of Rat ionalApproximation.

Algorithm 11 RationalApproximation

1: Input: Scalar positive spectrum M (z) > 0 on Ty = {/*™~ | n=0,...,N—
1}, and a small positive scalar e

2: Output: Causal rational filter K (z) on Ty

3: Get P(z), Q(z) by solving the convex optimization in (10.16), for fixed ¢, given
M(z)

4: Get the rational spectral factors of P(z),Q(z), which are Sp(2), Sg(2) using
the canonical Factorization method in [[199]]

5: Get U"(z),the rational spectral factor of M (z), as Sp(2)/Sq(2)

6: Get K (z) from the formulation in (10.18)), (I0.

Proof of Theorem [10.4.6]
We write the DR estimator, K (¢/*), as a sum of causal functions:
K@) =U HUK,AY A™! (10.129)
= U N U{KyA}, + {U{K,A}_}.)A™! (10.130)
= (KA} AT + U U{K,AY_} AT (10.131)

where we drop the dependence of A, K, and U on ¢’*.
Given the spectral factor U (¢’*) in rational form as U(e™) = DY*(I + C(e’1 —
A)7'B), its inverse is given by:

U ™) = (I —C(T - (A—BC))'B)D™'/? (10.132)
From the above, we have:

{(KoAY_ =T(z) = C,PAR(z"' 1 — Ap)'Co(I + C,PC)™*  (10.133)

Multiplying the above equation with U, and taking its causal part, we get:
(U{AKy}_}, ={D'PC,PAR(z' T — Ap) ' Co(1 + C,PC)) ™+
D'2C(e™ I — A) ' BC,PAW (2T — Ap)y ' Ci(I + C,PC) ™2},
(10.134)
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Given that the term D'2C,PAp(z71 — ApY O + C'yPC’;)**/2 is strictly

anticausal, and considering the matrix U, which solves the lyapunov equation:
AU, Ap + BC,PAp = Uy, we get {U{K,A}_}, as:

{U{AKo}-}+

— {D'*C ((z[ — A)TTAU, + Uy Ap (27— Ap) T+ U,y) Ci(I+C,PCH ™1,
(10.135)

= D'PC (=1 = A) A+ I) U,Cy (1 + C,PCy) (10.136)

= 2D'2C(21 — AU, C(I + C,PC) /2 (10.137)

Now, multiplying equation (10.137) by the inverse of U (10.132), we get:

U NU{KA}_}, = 2(1 + C(e™I — A)T'B)Y*C(2I — A)'U,C(I + C,PC) ™

(10.138)

= 20(I + (21 — A" BC) (21 — A)7' U, Co(T + C,PCy) ™/
(10.139)

= 2C(zI — Ap) U, Ci(I + C,PC)™*/? (10.140)

= CO(I + Ap(21 — Ap) U, Ci(I + C,PC) ™ (10.141)
(10.142)

where flp = A - BC.

The inverse of A is given by A™'(2) = (I + CyPC’;)*lﬂ(I —Cy(2I — Ap) 'Kp),
and we already showed that { KgA}, = C,(21 — Ay APC;(I + C,PC)™/? 4
C.PCy(I+C,PCy) /.

Then we can get the 2 terms of equation (10.131):

{K, A} AT = O,PCy(I+C,PCy) ' +C, (I — PCy(I 4+ C,PC;)'C,) (2I-Ap) ' Kp
(10.143)
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and

UHU{K,A} -}, A

= (CULCy(I + C,PCy)™ 4 CAp(aI = Ap) U Cy (I + C,PCy) ")

x ((I +C,PCH V2 — (I 4 C,PC)Y2C, (2] — AP)’lKP) (10.144)
= CAp(zI — ApY'U,Co(I + C,PCy) ™ (I — Cy(2] — Ap) ' Kp))

— CU,Ci(I + C,PC)'C (2] — Ap) 'Kp

+CU,Cy(I +C,PCH)™ (10.145)

Finally, summing equations (T0.143)) and (T0.144), we get the controller K (¢’*) in

its rational form:

K(e) = [C*AP —C, + C,PC(I + C,PC)"'C, + CULC:

"y
1
X <z[ — )
(10.147)

+CU,Cy(I +C,PCH ™ + C,PCy(I +C,PCy) ™! (10.148)

*
Yy

(1+¢,PC;)C,|
(10.146)

(I+C,PCy™"
_KP

Ap U,Cu(I+C,PCHT'C,
Ap

U,,C

*
Yy

which can be explicitly rewritten as in equation (T0.18), where F',G,H and L are
defined accordingly.

10.E Simulation Results
Another tracking problem
We study another tracking problem, standard in the filtering community, whose

state-space model is

1 0 0 0 At 0
At 1 0 0 0.5(At)? 1
P o (At) 0 ’Hzo oo’L:
0 1 0 0 At 000 1
0 At 1 0 0.5(At)?
[0001],

with At = 1. The results are shown in the plots below.
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Figure 10.4: The frequency response of different filters (5, ., and DRKF) for the
tracking problem in section The worst-case expected MSE is 3.99 for I ,

3.77 for H, and 3.47 (lowest) for DRKF.
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Figure 10.5: The average MSE of the different filters horizon under different
disturbances for the tracking problem in section[I0.E] (a) is white noise, while (b) is
the worst-case noise for the finite horizon DR KF (SDP). While the KF performs best
under gaussian noise, the DRKF achieves the lowest error in most of other scenarios
(including the more realistic case of correlated noise), and the finite and infinite

horizon achieve similar avergae MSE at the end of the horizon.
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Chapter 11

MIXED .%% /. #,, CONTROL

11.1 Introduction

Performance and robustness are the two most desired characteristics of a controller.
Tackling uncertainty plays a pivotal role in the realm of control, especially within
control systems that are frequently exposed to a range of uncertainties including
external disruptions, inaccuracies in measurements, deviations in models, and time-
varying system dynamics. Ignoring such uncertainties during the development of
control policies can significantly undermine performance. The traditional .77, [[121]]
and 7 [51] control are the two main approaches to address the dichotomy of
robustness and performance. While .77, control aims to achieve optimal average case
performance for stochastic white disturbances, .77 control guarantees robustness
to worst-case deterministic disturbances with bounded energy. They both result in
rational controllers which can be efficiently synthesized by solving a set of algebraic
Riccati equations.

When it comes to designing a controller that is both robust to worst-case disturbances
and optimal in the average case performance, a natural idea is to find the best
J5-optimal controller among a family of suboptimal 7 controllers. Also known
as the mixed J#, /%, control, these controllers provide a trade-off between the
performance of .77 and the robustness of the .72 controllers. Although both .77, and
central .72 controllers are rational and admit finite-order state-space realizations
[51], Megretski [165] showed that the mixed %,/ # controller has infinite order

whenever the 77 -norm constraint is not redundant.

Prior Works

The mixed %, / ., control problem and its several variations have been extensively
studied in the past. [167] is one of the earliest works establishing a connection
between the maximum entropy .77 solution and the .73 performance. [18] proposed
the first conceptualization and formulation of mixed .7%; control with 77 constraints,
and obtained a fixed order dynamic output feedback controller for an auxiliary
objective upper bounding the 7 -norm. [130], [259] approached this problem

similarly by considering auxiliary systems or objectives to bound the desired mixed
I, | FE, objective.
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Unlike the pure .73 and pure 7 controllers, it was proved by [165] that the optimal
mixed 7%/, controller is non-rational whenever the J# constraint is active.
Since non-rational functions do not admit finite-dimensional state-space realizations,
future works focused either on finite-dimensional approximations or more tractable

auxiliary objectives.

Among these, [94]] addressed this problem by converting it into a series of convex sub-
problems. [238]] proposed a homotopy algorithm for fixed-order controller synthesis
whereas [201] considered a gradient-based method. [104] proposed an approximate
finite-dimensional parametrization by choosing a finite basis for the Youla parameter
to compute the suboptimal solutions. The performance characteristics of the mixed
| FE, objective have also been studied in [100] where the authors provide a
relation between the 7Z5-norms of the pure .7;-optimal controller and the optimal
mixed .74, / 7, controller.

Contributions

In this work, we study the infinite-horizon mixed .73-optimal control with J#_-norm
constraints of finite-order, discrete-time, linear time-invariant (LTI) systems. While
several past works [52], [100] assumed separation of the disturbances into stochastic
and deterministic components, we make no such separation assumption. In particular,
we consider the full-information setting where the controller can access current and

past disturbances. Our major contributions are as follows:

1. The Exact Stabilizing Optimal Controller: Moving away from earlier ap-
proaches that utilized approximation strategies and auxiliary problems to
obtain a finite-dimensional optimization problem, we find the exact stabilizing
optimal controller in the frequency-domain for the infinite-horizon mixed

| FE,, problem.

ii. A Finite-Dimensional Characterization: While we confirm that the optimal
controller is irrational as shown in [[165]], we show that a finite-dimensional

parameter completely characterizes it.

iii. An Efficient Numerical Method: Exploiting the finite-dimensional character-
ization, we propose an iterative fixed point method to compute the optimal

mixed .74, / A, controller in the frequency domain to arbitrary fidelity.

iv. Fixed-order Rational Approximations: Given a finite order, we find the best

rational approximation (in H,, norm) to the optimal mixed 7%, / 77 controller
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and obtain a state space structure for the approximate controller. We provide
numerical simulations to analyze the performance of the mixed .74 /.72

controller and its rational approximations for different orders.

11.2 Preliminaries

Notations: Calligraphic symbols (IC, M, L, etc.) represent operators, with 7
symbolizing the identity operator. Letters in boldface (x, u, w, etc.) refer to
infinite sequences. The notation M”™ indicates the adjoint of the operator M,
while = signifies the Loewner order. tr denotes the normalized trace over block
Laurent operators, and Tr denotes the usual trace over finite dimensional matrices.
For p € [1, 00, we denote by .£,"*"" the Banach space of n x m-block Laurent
operators whose transfer matrix has finite L, norm on the unit circle. Similarly,
26"*™ is the Banach space of causal n x m-block Laurent operators whose transfer
matrix has finite L, norm on the unit circle. Norms ||-||,, and [|-||, represent the
S L and 5/ L norms, respectively. |-|| is reserved for Euclidean norm for
vectors and ¢, norm of sequences. The expressions { M}, and {M}_ delineate the
causal and strictly anti-causal portions of an operator M. The absolute value of an
operator is defined as | M| := vV /M* M. Z™ denotes the set of positive symmetric
trigonometric polynomials of degree m. S’ denotes the set of symmetric positive
semidefinite matrices of size m x m. (M) denotes the maximum singular value of

a matrix M.

Linear-Quadratic Control
We consider a discrete-time linear time-invariant (LTI) dynamical system described

by its state-space representation as:
xt+1 == Al’t + Buut + wat, (111)

Here, the vectors x, € Rdz, Uy € Rd“, and w, € R% denote the state, control input,
and exogenous disturbance at time ¢t € Z, respectively. At a given time instance
t € Z, the controller suffers a per stage cost ¢, = x]Qx; + u] Ru,, where ), R = 0.
We assume that (A, B,) and (A, B,,) are stabilizable. For notational convenience,
we take () = I; and R = [; without loss of generality by change of variables
z, — Q; Px, and u, — R; P, so that ¢; = ||z]% + ||u]/

Input-Output Formalism Throughout this paper, we employ an operator-theoretic
framework to represent the state-space dynamics in Equation (I1.T)) as input-output

maps. We use x = {x;},cz, 0 = {u; }4cz, and w := {w, },c to represent the state,
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control input, and disturbance sequences, respectively. The dynamical relations
among these variables dictated by the state-space structure in (I1.1)) can be captured

equivalently and succinctly using input/output transfer operators as:
x = Fu+ gw, (11.2)

where F and G symbolize strictly causal d,, x d,, and d,, x d,,-block Laurent operators
mapping control inputs u and the disturbances w to the states x. The corresponding

transfer matrices are given by

F(2)=C(:I-A"'B,, G(2)=C(zI-A)"B,. (11.3)

Controller We consider the full-information setting where the control input w, at
any time ¢ € Z has causal access to past disturbances, {w, }, ;. In particular, we
restrict our attention to causal LTI controllers such that u; = ) <t I?t_sws where
{[A(t}tzo is the Markov parameters of the controller. We succinctly capture this

relationship via a linear mapping
K:wi—u=Kw

where I is a causal d,, x d,,,-block Laurent operator. Furthermore, we seek controllers
that map ¢, disturbances to ¢, control inputs, which makes them bounded. Therefore,
C must be a member of 2% X%

When the underlying system in (I1.2) is in a feedback loop with a fixed controller
IC, the states and the control inputs are determined completely by the disturbances

through the closed-loop transfer operator given by:

T : W= [X] = FR+G
u

R (11.4)

We use K (z) and Tk (z) to represent the z-domain transfer matrices corresponding

to the operators K and 7y, respectively.

In the remainder of this paper, our focus will primarily be on the quadratic expression

T Tic = 0, which can be expressed in terms of K after a completion-of-squares as

77€<77C = (K_Knc)*(I+F*f)(’C_’Cnc) + 77c* 77Cnc' (115)

nc

Here, K,. .= —(Z+F*F) ' F*G denotes the unique non-causal controller such that
Te T, < T Tx for all K, [101]).
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Mixed .77,/ 77,, Control

This paper explores the problem of mixed 7%, / 7 control, aiming to design a causal
controller minimizing the .7, norm of the closed-loop transfer operator, 7, while
ensuring that its .7#_ norm is bounded above by a fixed constant v > 0. This can be

stated formally as a constrained optimization problem as follows:

Problem 11.2.1 (Mixed .74 / 7, Control). Given an achievable .7 norm bound
~ > 0, find a causal and bounded controller K € %ﬂo‘i *u that achieves the minimum

closed-loop 745 norm among all y-suboptimal 577 controllers, i.e.,

inf | Tkllp st (Tl <7 (11.6)
Kt

We will drop the superscript over .Z and .7Z spaces whenever the block dimensions

are clear. Here, the .77 norm of Ty is defined as

27rd
17l i= yr7eTe) = \// _waTK (€") Tk (™)) (11.7)

The 77, criterion can be derived from the infinite-horizon average expected cost

when the disturbances constitute a white random process with E{w,w/] = I; 0,

namely,

. 1 T 2 2] 2
limsup g B30l ] = 175 (11.8)

We denote by I, = arg min{|| 7|, | K € AL the optimal 7 controller.

Similarly, the 7, norm of T corresponds to its operator norm as a mapping from
62 (Z) to 62 (Z) . ie. .

Txw o
| Tclloe = sup [ 7wl = max o(Tx(e™)) (11.9)
wety/foy Wl welo2m)

Since Ty consists of 2 x 1 block of causal Laurent operators, the corresponding
transfer matrix 7T (z) is analytic outside the unit circle whenever it is bounded on the
unit circle. The J# criterion can be derived from the worst-case infinite-horizon
cost incurred by /C among all bounded energy (or bounded power) disturbances,

namely,

Sup Z e+ e ) = sup. e[|+ [ull* = || Tiel|%.

[wil<1, =" [wlil<

We denote by K, = argmin{|| 7|« | £ € %% ) the optimal 7, controller.
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If it exists, the optimal mixed .74, / 77 controller achieves the minimum expected
cost for stochastic disturbances while guaranteeing a certain degree of robustness

against adversarial bounded energy (or bounded power) disturbances.

Let 7y, = H77cﬂo2 oo and v = || T v ||o be the 727 norms of closed-loop transfer
operators under the optimal .77, and 77, controllers, respectively. Note that for
¥ > 7y, the 2, -norm constraint in Problem [IT.2.1]is redundant, and the optimal
solution coincides with K, . Moreover, for v < 7,,, Problem T1.2.T]is not feasible
since no causal controller can achieve .77 norm less than that of the 7Z7_ controller,
K. For v = 7, the solution coincides with ;. . Thus, we are interested in
non-trivial solutions for v € (v, 72), which interpolate between the optimal /%,

and 777 controllers.

11.3 Main Results

In this section, we present the main theoretical results of our paper. In Theorem
11.3.1} we formulate the Lagrange dual of Problem|I1.2.1|and establish strong duality.
In Theorem [I1.3.4] we state the optimal controller and argue that it is irrational.

First, we form the Lagrange dual of Problem[T1.2.T]in the following theorem.

Theorem 11.3.1 (Strong Duality). Let v € (74, 7V2) be an admissible 5., norm
bound. The infinite-horizon mixed 7,/ 7., control problem (Problem|11.2.1) is

equivalent to the following max-min problem:

: . 2
/1{/[\61%}1( Jnin tr(Te T (Z + A)) — 4~ tr(A), (11.10)
=0

where the dual variable /\ € fldw “hu s g positive definite, self-adjoint, d,,, x d,,,-block

Laurent operator.

Proof. The proof of this theorem relies on the Lagrange duality theory for infinite-
dimensional optimization on Banach spaces. Consider Problem [11.2.1| The 57,
norm constraint || 7x||.. < 7 is equivalent to the L., norm constraint || 7 Txc|| o < 7%

which in turn is equivalent to the following operator inequality constraint:
TeTe —+*T < 0. (11.11)

Since Te T € Ll is self-adjoint, this operator inequality constraint is, by

definition, equivalent to

r(A(TETe —7°T)) <0, VA =0, (11.12)
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where A € flded“’ 1s a positive-definite, self-adjoint, block Laurent operator with
bounded absolute trace, i.e., tr(]/A|) < 4+oco. This constraint can be reincorporated
into the primal problem in (IT.6) via Lagrangian, which yields an equivalent min-max
problem:

inf sup tr(Te Te) + tr(A(Te T — 7). (11.13)
Kex A=0

Notice that the Lagrangian objective function is strictly convex (indeed quadratic)
in /C, and affine in the dual variable A = 0. Furthermore, Slater’s conditions are
satisfied since K, € 7 and || T, |o =7 <7- Thus, by [254, Thm. 2.9.2],
strong duality holds, and the supremurilo is attained. Moreover, the inner infimum is

attained for a fixed A = 0 due to strict convexity wrt K. Rearranging terms, we get

(IT10). .

As opposed to the 7 -norm constrained primal problem in (11.6)), the max-min
problem in (IT.10) is more manageable as it is not norm constrained and strictly

convex in K. This comes at the expense of an additional maximization step.

Notice that the inner minimization over causal K in (IT.10) is nothing but (Z 4+ A)-
weighted squared .74;-norm objective. Therefore, the inner minimization can be
considered a stochastic optimal control problem under weakly stationary disturbances
with autocovariance operator Z + A. This can be carried out tractably using the

Wiener-Hopf method [251]] and canonical spectral factorization of Z + A as stated in

Lemma([I11.3.2]

Lemma 11.3.2 (Wiener-Hopf Method). Let A € £, be a positive-definite and
self-adjoint block Laurent operator. Consider the problem of finding an optimal

causal controller, K, minimizing (Z + A\)-weighted 7, norm, i.e.,

min tr(7¢ Te(Z + A)) (11.14)

KeAt,,

The unique solution to this problem is given by,
Ka =K+ A {{AK, ) LY L7, (11.15)

where A and L are the unique causal and causally invertible canonical spectral
factors such that A"A =T + F*F and LL" =T + A.

Proof. Inserting the equation (TT.3)) in place of 7 Tx and replacing Z + F*F and
Z + A by their corresponding canonical spectral factors, we rewrite (11.15)) as

in [|AKL — AR L3 + (T, T, (T + A)). (11.16)
e,
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Notice that the term tr(7x_Tx. (Z 4 A)) does not depend on K and, therefore, can
be omitted. Inside the 7% norm, AKL is causal for any K whereas AKC, L is
mixed (non-causal). Therefore, AXCL can only minimize the objective by matching
itself to the causal part of AK, L, [101]], [251]. The optimal solution satisfies
AKAL = {AK, L}, whichyields Iy = A~ {AK, L}, L. By splitting AK,, =
{AK, )}, + {AK,.}_ and noting that A~ {AK,.}, is the .#5-controller [101], we
get the desired result. [

Remark 11.3.3. Notice that A = 0 yields the -optimal solution since LL* =T
while any other choice of A = 0 yields a controller which is a combination of the
-controller, K ,, and a compensation term A™' {{AK,.}_ L} N L', This term
accounts for the correlations in the disturbance as dictated by the strictly positive

autocovariance operator Z + A.

Given any A = 0, the inner minimization solution of the Lagrange dual max-min
problem in (IT.10) can be derived in closed form using (T1.13). This allows us to
simplify the primal problem over causal operators K in (11.6)), into a dual problem
over positive operators A 3= 0. In Theorem|[I1.3.4] we state the optimality conditions
for the dual variable A >= 0.

Theorem 11.3.4 (Saddle Point). Let v € (72, Vo) be a fixed admissible 7€, norm
bound and (K., \.,) be a saddle point of the max-min problem in (L1.10). Moreover,
let L., and A be the unique causal and causally invertible spectral factors of
T+A,=LLS and T+F F = A*A, respectively. Then, (K, \.) satisfies the

following necessary and sufficient conditiomﬂ'

K, =K+ A7 {{AK, )L}, £5', and (11.17)
L£iL, =max {v 7 (8'S+ LT Tx, L), I}, (11.18)

where S, .= {AK,.L.}_.
Corollary 11.3.5. When the disturbances are scalar (d,,=1), we have,

{{A/cmﬁy}i{mmzy}_ Z}

LIL = max > -
v =Tk, Tk

Y

(11.19)

nc

Proof. Existence of a saddle point (K., A, ) is ensured by Theorem [11.3.1, We
can characterize the saddle point by a Banach space analog of Karush-Kuhn-Tucker
(KKT) conditions [254, Thm. 2.9.2]:

"max{X,V} £ J(X + Y+ X - V|
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i. Stationarity: IC, € argmin{tr(T¢Tc(Z + A,)) | K € .},

ii. Primal feasibility: 7 T, —7°Z < 0,
iii. Dual feasibility: A, >= 0,
iv. Complementary slackness: tr(A, (T T, — Y’T)) = 0.

By the Wiener-Hopf method in Lemma([I1.3.2] the stationarity condition (i) immedi-
ately implies Eq. (11.17).

To characterize the dual variable A, we note that the complementary slackness

condition (iv) can be equivalently expressed as
A, (77C77C - 721> — 0. (11.20)

since 775;77% — 7’7 < 0 and A, 7= 0 by primal (ii) and dual (iii) feasibility.

Furthermore, this condition can be written alternatively as (7¢ T — VT A, = 0.
v 2

Therefore, the operators ’775:7%7 — 722 and A, commute. This implies that they

share the same eigenspace and can be simultaneously unitarily diagonalized, so do

the operators T Tx and A,

For the optimal controller X, in (11.17), we have

AK, — Ay = {AK L} L5 — AR L L5 (11.21)

Y=y

= —{AK,L,}_ = =§,. (11.22)
Therefore, the quadratic expression 775‘W 77CW becomes

775277@Y = (AIC'y - AlCnc)*(A]C'y - A,Cnc) + 77C*nc77Cnca (11.23)
= L*S SLT + T Tk, (11.24)

Substituting the optimal value of T T in (I1.20), we get,
A (LS SL +TE T, —7°T) = 0. (11.25)
Using the identity A, = £, L — T, we get,
LS SLI+ (L,L5—I) (Te Te, —7'T) — L7°S*SL = 0.
Multiplying the identity above by £, on the right and by £, on the left, we get,

LL,S*S+ L5 (L —T) (T Tx,, —7°I) L, — S*S = 0.

nc
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The identity above can be simplified further by factorizing L7 L., — Z as follows:

0= (L2L, - T)S'S + (L34,L] ~ £3) (T, Te ~+T) Lo,
= (L3L, - T)S'S + (2L, ~ T) £ (T2, T, —7*T) £,

= (L3L, —T) (S"S+ L3T¢ T, Lo — V' LIL,) . (11.26)
Starting with 776*V 77C7 — ~?Z < 0 instead, a similar identity can be derived:
0= (S"S+ LT T, Lo, —VLIL) (LAL, —T). (11.27)

Therefore, by (IT.26) and (IT.27), we have that S*S + LT Tg L., and L L,

commute, and thus are simultaneously diagonalized.

Defining X, := v *(S*S+ L3 7% Tr. L) and N, :== L% L., we can rewrite (T1.26)
and (11.27) as

N, —D)(N, —x,) =0, (11.28)
with Ao — 7 = 0 by dual feasibility, N, — X, = 0 by primal feasibility, and
commuting operators N, and X.. Since these operators commute, we can solve the

quadratic equation (TT.28) for \V, in terms of X. This essentially gives,
1
Ny=35 (X, +Z+|X, —I|) = max {X,, T} (11.29)

which is the only possible solution of (11.28) that satisfies the primal and dual
feasibility constraints. This expression is essentially an operator-theoretic analog of

taking the maximum between two elements. Thus, we get (T1.18].

When the disturbances are scalar, i.e., d,, = 1, all d,, x d,,-block Laurent operators
commute with each other. Thus, the expression (11.27) can be simplified further as

0= (S"S+LL(TE T, — 7)) (LLL, — I). (11.30)

Upon solving it for £7.£. in the same fashion, we immediately get (I1.19)

11.4 A Fixed-Point Iteration Algorithm

Henceforth in this paper, we focus our analysis on the case when d,, = 1, i.e.,
scalar disturbances. In subsection[11.4] we first demonstrate that the Karush-Kuhn-
Tucker (KKT) conditions outlined in equation (I1.19) can be exclusively defined

by a finite-dimensional parameter, FW, within the frequency domain. However,
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the optimal controller lacks a rational nature, preventing it from being represented
through a finite-dimensional state-space model. Following this, in subsection [IT.4]
we introduce a fixed-point iteration method for any given v € (7., 72). This method
is designed to determine Fv’ enabling the calculation of the optimal controller,
K

,(e™) in the frequency domain.

Finite-Dimensional Parameterization of the Optimal Controller

In the following Theorem [I1.4.1] we establish that the strictly anticausal transfer
function S (™) defined below can be expressed using a finite-dimensional state-
space model. This theorem indicates that the right-hand side of for N, (e’),
involving the square root of the rational term S. (e’*)*S,
due to the square root operation. This observation leads us to Corollary[11.4.2]

(€’), is no longer rational

Theorem 11.4.1 (Frequency-domain solution). Define S, (e*) = {AK L.} (e™).
Then,

S,(e)=Ce™™I —A)~ (11.31)
with B, = — / —e™A)'DL(e™)dw. (11.32)

The optimal controller in the frequency domain is given by,
K (") = K, (™) = A7 (e™)S, (™)L (), (11.33)

AR, L) () AK, L} (e
N, (%) = max § {2Knelr )€ )Ji e ”ji €L (11.34)
v" =Ty, () Tk, (e)
where,
T 1,57

K, = (R+ B, PB,) B, PA (11.35)
P=Q+A PA—ATPB,(R+ Bl PB,) Bl PA (11.36)
A= (A-B,K,) (11.37)
C=—(R+B]PB,) ’B] (11.38)
D= (A-B,K,) PB, (11.39)
N, (™) = L, (") L, (e"). (11.40)

Proof. Using the identity {X'}, =X —{X'}_, we restate the KKT equations (I1.19)
in the frequency domain as in (T1.33)), (11.34).

We introduce the Linear Quadratic Regulator (LQR) controller K, the corresponding
closed-loop matrix A — B, K, and the unique solution to the LQR Riccati equation
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that stabilizes the system, P >~ 0 to write S (e™) in (TL.31)). The Riccati equation
emerges from the spectral factorization of A*"A =7 + F*F. See [125, Lemma 11]

for example. u

Corollary 11.4.2. For any given y € (Y, 72), both N (e™) and the optimal mixed
I | H,, controller K. (e’), are characterized as irrational. Consequently, I (e’)

cannot be realized by a finite-dimensional state-space model.

Although K (e™) cannot be modeled in a finite-dimensional state-space, Lemma|l 1.4.1
introduces a finite-dimensional parameterization for N (¢*) via B.,. Theorem|11.4.3
further verifies that B., directly determines N (¢’), and by extension, the suboptimal

controller K (e’).

Theorem 11.4.3 (Fixed-Point Solution). Assuming d,, = 1, v € (Vs,V2), We

consider a sequence of mappings:

F :Bw~ S@)=Ce™I-A)"'B (11.41)
Fy : S(e™)  N,(e*)
I\ * Jw
~ maxd )jfie ) 1y (11.42)
v =T, (") Tk, (e™)
Fy: N(e™) — L(e) (11.43)
1 2w

Fy: L")~ B=—
2 Jo

(I — e A) "DL(e™)dw. (11.44)
where F produces a unique spectral factor of N (e’) > 0. The composite function
FyoF30F, oF; : B+ B has a unique fixed point Ew with N (™) = F, o F} (Ew)

fulfilling the KKT conditions (11.19).

Proof. Consider the optimality condition (I1.34). Note that for v > v,., N, (¢’*) in
(11.34) is well-defined. Thus, the map F o F5o0 F27 o F| : B — B described earlier
admits a fixed point B., for a fixed 7. Since (IT.13) is concave in A (or LL" = A+1),
the optimal solution AV, is unique. Given that M (e™) = L. (™)L} (e™), where

L. (e’) represents a spectral factor of M, (') that is both causal and causally

invertible, it follows that L. (e’) is uniquely determined apart from a unitary
transformation. By establishing a specific choice for the unitary transformation during
the spectral factorization process, for example, opting for positive-definite factors at
infinity as outlined by [59]], we ensure the uniqueness of L. (¢™'). Consequently, with
A and D being constants, the expression for B., = 2= [7(I — ¢ A) DL, (¢")dw
is also uniquely determined. [
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Algorithm

Now that we know a fixed point solution exists to our problem, we can use Theorem
[11.4.3| to obtain the following iterative fixed-point algorithm. Once we have an
optimal Nw(ejw), we can find the optimal mixed .74, / 7 controller Kw(ej “) using

IT33).

Algorithm 12 FixepMHH: Dual Fixed-Point Iteration via Spectral Factorization

Input: 7>~ _, initialise B, system (A, D, C)
repeat
N (&) ¢ By, 0 F (B™) |
Lﬁ/nil)(e]w) — Spec‘tralFactor(Nén) (')
EI’H- _ F4(Lg/n+l) (e]w)>
n<n+1 '
until convergence of Nf/”) (')

11.5 Convergence Analysis

In this section, we provide a proof of convergence of FixepMHH for the particular
case when d,, = d,, = 1. We first show the fixed point, that Algorithm [12|converges
to, is unique when v > v,,. Then, we show that the iterates produce a sequence of
monotonically increasing spectra /. Due to this, the algorithm must converge to the

unique fixed point. Formally, we state this in the following lemma.

Lemma 11.5.1 (Monotonicity). For d, = d,, = 1, the composite mapping F; ., o
FyoFyoF;: N(e’) — N,(e’) is monotonic, i.e., for any two positive power
spectral densities such that 0 < N (&) < Ny(’*) for all w € [0, 27), the mapping

F, ., o Fy o Fy o Fj preserves their order.

Proof. Lety > 7. Consider now two spectra 0 < N, < N, that are represented in
the frequency domain as N, (e’*) < N,(¢’*) for all w € [0,27). Now the spectra
N, N are passed through one iteration of Algorithm@, ie,FyoF,0F ok, o:
N — N to get N7, N respectively. We want to show that 77, (¢’*) < 71, (e’)Vw ie.,
Algorithm [12| preserves the order of A} < N,. We have that

E(ejw) — max 17 {A,Cngcl}j (ejw){A]Cnc'Cl}f (ejw) (1145)
v =T, (") T ()
— {AK Lo} (VA Lo} (e™)
Jwy _
Ny(e’¥) = max {1, T Te ()T (") } . (11.46)
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Moreover, denoting by N, = L7 L, and N, = £5L, the unique spectral factorizations,

we have that

({A’Cnc[’ } {A,Cnc£ } )_ lnf tr((77C77C_77C 77C )Nl)

(0)
< inf tr((Tc T — Tk, Tk, )N2) (11.47)

KeA,,

9 1 ({AK Lo} {AK L)) |

where the identities (a), (¢) are due to Wiener-Hopf technique in Lemma|11.3.2|and
(b) is due to N} < Ns.

Notice that, for d,, = d,, = 1, we have that

{AK L Y {AK LY = |C)P| By [P le™T — A2, (11.48)
{AK LoV {AK Lo} = |C|Bs*le T — A| 7, (11.49)

and therefore, their traces take the form

tr ({Aoe L1} {AK L1}

2
— [CF[B, / e - A (11.50)
tI‘ <{A]Cnc£2} {A’Cnc£2} )
2
— [C2B, / e A (1151)

By this observation and using the inequality (TT.47), we have that | B,|* < |B,|* and
thus the monotonicity of the traces implies the monotonicity of the operators, i.e.,
for all w € [0, 27), the following holds

{AICncﬁl }j (e]w){AlCnc'Cl}— (e]w)

= [CP[By"le™T = A7, (11.52)
< |CP|B,||e T — A|?, (11.53)
= {AK Lo} () { AR Lo} (). (11.54)

Hence, we have that N;(e/*) < Ny(e’*) for all w € [0,2n) using (T1.45) and
(11.46). m
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We can now initialise the algorithm with BY =0 N (¢/*) = 1. Since after each
iteration, V" (¢’*) > 1 for all w € [0, 27), FixeboMHH generates a monotonically
increasing sequence of {N(n) (e’)} for all w € [0,2n), which converges to the

unique fixed point. We state this formally in the following theorem.

Theorem 11.5.2. For d, = d, = 1 and BY — 0, the sequence of iterates
{N(n) (e’“)} generated by FixepMHH is monotonically increasing and converges to
the optimal solution in (11.19).

Proof. The proof follows directly from the repeated application of monotonicity
result on Lemma([I1.5.1]and [249, Thm. 2] [

Remark 11.5.3. Although we present a proof of convergence for the particular case
of scalar systems d, = 1, empirical evidence suggests (see Section [11.7) that the
algorithm is exponentially convergent with a faster rate of convergence for larger
v > 0.

11.6 Rational Approximation

This section describes a practical approach to devising state-space controllers that
serve as approximations to our irrational y-optimal controller (11.33). Rather than
attempting to approximate the controller directly, we approximate the power spectrum
N(e™), aiming to reduce the #Z_-norm of the approximation error through the use
of positive rational functions. While the problem of approximating with rational
functions typically does not lead to convex formulations, we demonstrate in Theorem
[I1.6.3]that the process of approximating positive power spectra through the use of
ratios of positive fixed-order polynomials can indeed be framed as a convex feasibility

problem. The problem is stated as follows:

Problem 11.6.1 (Rational Approximation via ¢ -norm). For a given positive
spectrum N/, identify the optimal rational approximation utilizing the /%, norm,
with an order not exceeding m € N. Specifically,
inf ||P/Q — N||_ subjectto tr(Q) =1, (11.55)
P,oeT"
where 7, | is the set of positive symmetric polynomials of order less than or equal

to m and the constraint tr(Q) = 1 is to avoid redundancy in solutions.

Definition 11.6.2. Given an ¢ > 0 approximation bound, the e-sublevel set of
Problem is defined as

Ze={(P, Q) | IIP/Q-N|<e tr(Q)=1}
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Theorem 11.6.3 (Feasibility of .7, [124, Thm. 5.5]). Given an accuracy level ¢ >0
and m € N is a fixed order, the polynomials P and Q of order m belong to the
e-sub-level set, i.e.(P, Q) € .7, if and only if there exists P, Q € S such that
tr (Q) = 1 and for all w € [0, 27), .
1) Tr (PO(c™)) = (N(e™) +¢) Tr (QO(c™))
2) Tr (PO())— (N(*) =€) Tr (QO/(c*))

IA

, (11.56)

0
0, (11.57)

Vv

Although the above equations hold for all frequencies, practical implementation
necessitates focusing on a finite selection of frequency samples. To sidestep this
limitation, the analysis can be limited to a select set of frequencies, defined as
Qn = {w = 27k/N|k = 1,..., N}, where N, chosen to be much larger than m,
provides a dense sampling of the frequency domain. While this approach inherently
approximates the full spectrum of frequencies, increasing the number of sampled
frequencies N allows for an arbitrary improvement in the approximation’s accuracy.
Consequently, this method facilitates the transformation of the rational function
approximation problem into a convex feasibility problem, addressable through the
application of Linear Matrix Inequalities (LMIs) alongside a finite collection of affine
(in)equality constraints. Upon achieving a rational approximation of N (e’), we then
derive a state-space controller as outlined in (IT.17). Note that a canonical factor
of the rational approximation of N (e’) can always be found due to the following

lemma.

Lemma 11.6.4 (Canonical Factorization [199, Lem. 1]). Given a Laurent polynomial
of orderm, P(z) =% - ppz ¥, where p, = p_p € R, and P(e™) >0, it can be
shown that a canonical factor L(z) = {y + Oz 4 40, 2™ exists. This factor

satisfies P(e’) = |L(e’)|?, with all roots of L(z) lying inside the unit circle.

11.7 Numerical Results

In this section, we analyze the performance of the mixed 7%, /7, controller and
the rational approximation method for 2 systems. We use benchmark models from
[145]]. In particular, we test the aircraft system [AC17] and a chemical reactor system
[REA4]. First, we present frequency domain plots for each system, highlighting
their performances. The plots show the performance of the mixed .73 /.77, and
the rational approximations. Additional data is presented in Tables [[T.Tjand [IT.2]
Next, we provide numerical evidence supporting the exponential convergence of the
proposed algorithm Algorithm [I2] Note that in this section, for brevity, a rational

approximation of order m is denoted RA(m).
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Figure 11.1: The spectral norm, 7 (7% (e’ )Tk (e’)) of the mixed .74 /.7, controller
for v € {60, 68, 75} at different frequency values, for the system [AC17]. The cost
of the mixed 773/ 7 controller follows H, and clips at the threshold ~ for some
frequencies.
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Figure 11.2: The spectral norm, 5 (7% (e’) Ty (¢’)) of the mixed 7%, / 7, controller
(y =60) and a 6" order rational approximation at different frequency values, for the
system [AC17]. The cost of the rational controller closely follows the optimal mixed
| H, controller.

We first present the performance metrics for the [AC17] system. For this system,
Yoo = 58.94 and 7y, = 81.309. Thus, the 777, norm of the mixed .74, / 7 controller
v € (58.94,81.309]. The system is a 4™ order system. The system matrices are,

—-2.98 .93 0 —.034 —.032
e -99 =21 .035 —-.001 B, - 0
0 0 0 1 0

39 =555 0 —1.89 —1.6

We present the frequency domain plots in Figures [I1.1] and [IT.2] Note that
1 Txcl1Z = maxge,<or 7(Th (™) Ti(€*)). This metric is visualised in Figurem
which highlights the mixed nature of the mixed .7%; /.7 controller. For -y close to

Ywo» the mixed 773 / 7 controller closely follows the H ., controller for most of the
frequencies but still has less area under the curve (|| 7x||2) and seems to follow the
H, controller. As we increase -y, we see that the mixed .74 / 7, controller clips the

value of || 7x||« at 7y for some frequencies, and for the other frequencies, it follows
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Figure 11.3: The spectral norm, 7 (7% (e’ )Tk (e’)) of the mixed 7% /.7, controller
for v € {10, 11, 12} at different frequency values, for system [REA4]. The cost
of the mixed 773/ 7 controller follows H, and clips at the threshold ~ for some
frequencies.

the H, controller which is to minimise || 7x||,. We now focus on the performance of
the rational approximations of the mixed 7% / 7 controller. Since we approximate
the spectrum M/, the order of controller is given by the order of the system plus the
order of the rational approximation. Table [[T.I]highlights the performance metrics
of the rational approximations. Moreover, Figure [I1.2] showcases how a rational
approximation looks in the frequency domain. One can observe from Figure [I1.2]
that ||7x||» for the rational approximation can be slightly higher than that of the
actual mixed %, /7 controller. As can be seen from Table a higher order
approximation results in a controller with performance metrics close the the optimal
mixed %, / 7 controller. For the [AC17] system, a 6" order approximation of the

spectrum N provides seems to be a good choice for the controller.

v = 60 v = 68
[ Ticllz [ 1 Tlloo [ 172 [ 17kl
H_ 58.94 | 58.94 || 58.94 | 58.94
Mixed 7%/ 7, || 57.92 60 54.94 68

RA(1) 58.14 | 60.36 || 54.94 | 69.46
RA@3) 58.04 | 60.42 || 5495 | 68.31
RA(6) 57.92 | 60.07 || 54.94 | 68.07

H, 54.28 | 81.309 || 54.28 | 81.309

Table 11.1: The performance characteristics of the mixed % /7%, controller
obtained from degree 1, 2, and 3 rational approximations to N (e™).

We now present the numerical results for the system [REA4]. This is an 8" order
system which is a chemical reactor system. The system matrices can be found in
[145]. As in the case of [AC17], we see in Figure [11.3| that the mixed %5/,

controller closely follows the H_, controller for most of the frequencies but still has
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Figure 11.4: The spectral norm, 7 (7% (e™) Tk (e’)) of the mixed 7% /.7, controller
(y = 10) and a 4" order rational approximation at different frequency values, for

system [REA4]. The cost of the rational controller closely follows the optimal mixed
| F, controller.

0.35 Standard Deviation| |

Figure 11.5: The variation of r4(y) (defined in (I1.58)) with  for the [REA4]
system. The plot indicates different A/}, N, in (I1.58)) chosen at random. Note that
the contraction ratio is always less than 1 and decreases with an increase in 7.

less area under the curve (|| 7x||2) and seems to follow the H, controller for some
part of the frequencies. The performance of a controller obtained via a 4™ order
rational approximation of the spectrum N is shown in Figure[IT.4] As expected,
a higher order approximation results in a controller that better approximates the
optimal mixed .77, / 7 controller. For the [REA4] system, a controller obtained via
an 8" order approximation well approximates the optimal mixed 7% / 77, controller,
as shown in Table [11.2]

We now present numerical evidence that suggests an exponential convergence of our

iterative method Algorithm[I2] In Figure[I1.5] we consider the ratio,

AN NG

— o (11.58)
AN, NG”)

ra(v) =
Here, NV, (¢™) and N, (e’) are the frequency domain representation of the power
spectra N; and N,. N m(e”) is the spectrum obtained after one iteration of
Algorithm [12]initialized with N (¢’”), and d(-) is a distance metric. For our results,
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v =10 v =12

[Tl [ 1 7xlloo | 1Ticllz | [Tl

H 9.94 9.94 9.94 9.94

Mixed 7% /7, || 9.2 10 6.17 12
RA(2) 9.3 10.05 6.21 | 12.09
RA4) 9.21 10.1 6.177 | 12.02
RA(8) 9.2 |10.008 | 6.17 | 12.01

H, 6.06 | 14.01 6.06 | 14.01

Table 11.2: The performance characteristics of the mixed % /77, controller
obtained from degree 1, 2, and 3 rational approximations to N (e™).

we consider the H_ norm given by,

d(N1,Ny) = max a(N;(e’) — No(e™)). (11.59)

w€(0,27]

We consider various random initializations of the N; and ;. What we would like to
observe is r4(7y) < 1 for all v > 7... Since this would mean that after each iteration,
the spectrum is close to the optimal solution. As can be seen in Figure [I1.5] the
contraction ratio is indeed a decreasing function of v and is always less than 1. This

suggests that Algorithm [I2]is exponentially convergent.

11.8 Conclusion

In this paper, we studied the problem of mixed .77, /.77 control in the infinite-horizon
setting. We provide the exact closed-form solution to the infinite-horizon mixed
Hy | A, control in the frequency domain. Despite being non-rational, we show
that the optimal controller admits a finite-dimensional parameterization. Leveraging
this fact, we introduce an efficient iterative algorithm that finds the optimal causal
controller in the frequency domain. We show that this algorithm is convergent when
the system is scalar and present numerical evidence for exponential convergence
of the proposed algorithm. To obtain a finite order controller, we use a rational
approximation method (based on the H_, norm) and present its performance. In
future works, we will extend our results to cases when d,, > 1. As mentioned in the
paper, numerical results hint that the algorithm is exponentially convergent. Future
works will involve analyzing the convergence properties of the proposed iterative

algorithm.
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Chapter 12

STRONG DUALITY

Our primary goal in this section is to construct a dual problem for such a general class
of primal control problems by leveraging the Fenchel conjugate of convex functions.
The main advantage of duality is that the complicated optimization over causal
controllers of an arbitrary convex objective can be transformed into a minimization
over a simpler quadratic objective at the expense of an additional maximization over

a dual variable.

While Assumption[8.2.4|makes (P) a convex program, it is still an infinite-dimensional
problem. However, we are not yet concerned with infinite-dimensionality of (P)
and we will address effective numerical computation of the optimal solution in ??.
Until then, our primary focus is to derive a tractable set of necessary and sufficient

conditions for the optimal solution of the infinite-dimensional convex program (P).

In its current form, (P) is not amenable for deriving the optimality conditions for the
controller IC. The major roadblock sitting to achieving this is the non-triviality of
the causality constraint on the controller, even for very simple objective functions.
In fact, in the full-information setting, there exists a universally optimal non-causal

controller minimizing any proper, convex, and monotonically decreasing function f:

Example 12.0.1 (Causality is non-trivial). Consider the full-information setting
K

there is at least one K’ € £, which can be non-causal, such that f (77;5776) < 0.

where T = . Suppose f : %, — R satisfy Assumption [8.2.4/and

By completion-of-squares, we get
T T = (AK = AR ) (AK = AK ) + T Tx, = Te, Tk, VK € 2L, (12.1)

where K,. = —(Z + Pi,Po) " PiP.s is the unique .#-optimal non-causal
controller and A*A = 7 + P, P, is the canonical spectral factorization. Since
Tx Tx is dominated by T Ty , we have that f(7¢ Tg. ) < f(T¢Tx) for all

K € £, and f(Tg, Ti, ) is finite. Thus, C,. is the universally optimal non-causal

controller.

This example highlights the inherent complexity of addressing causality constraints.

Causality, combined with the infinite-dimensional nature of resulting optimization
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problems, is arguably what sets optimal control apart as significantly more challenging
than static optimization. Indeed, beyond classical problems like .77 and . control,
and the more recent regret-optimal control framework, there remains a substantial
gap in our ability to systematically solve generalized control problems of the form
presented in Problem[8.2.3] This profound challenge is exemplified by the absence of
an analytic closed-form solution for the renowned mixed %, / 7 control problem,
despite the fact that the pure .75 and .7 problems have been solved and thoroughly

understood for decades.

The primary objective of this section is to systematically derive a tractable dual
reformulation of Problem 8.2.3] thereby addressing the challenges associated with
solving the causality-constrained primal problem (P). The cornerstone of this dual
reformulation is the Fenchel conjugate of the convex function f : ciﬂoo(de) — R.
To facilitate this development, we begin by introducing the following technical

assumption on the convex function f.

Assumption 12.0.2. The convex function f : ‘ZOO(S%“) — Ris

i. proper, i.e., its domain is non-empty, dom(f) # (), and f > —oo,

ii. weak*-lower semicontinous (w*-1.s.c.), i.e., its epigraph epi( f) is convex and
closed in .Z,, x R with respect to the weak* topology induced by its predual,
2 x R.

Remark 12.0.3. The technical assumption that f is weak*-lower semicontinous
ensures that the supporting hyperplanes of the epigraph epi(f) correspond to
affine functions of the form £, > C — (C, M) + b where b € R and M € .7,
the predual of £, . This is in contrast to a broader class of affine functions
induced by the dual space, where M € £, . The distinction stems from the non-
reflexivity of the Banach spaces .Z] and .Z._, as reflected in the chain of inclusions
(L=2) C L C (L™ = %) While this assumption rules out certain edge

cases, it encompasses all the interesting examples considered in this paper.

Equipped with the Assumption [12.0.2] the Fenchel conjugate f* : .Z;($*) — R of
the convex function f : .2, ($%*) — R is formally defined as

f*(M) = sup (C, M) — f(C), (12.2)

ces,

where M € & is the dual variable. Moreover, Fenchel-Moreau theorem establishes
a duality pairing between f and its conjugate f* as f** = (f*)" = f [56, Prop. 4.1],
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namely,

f(€) = sup (C, M) = f*(M). (12.3)

Me,
Moreover, it turns out that such a function f is monotonic if and only if the domain

of the conjugate functions f* only contains positive operators.

Theorem 12.0.4. Let f : £, — R satisfy Assumption|12.0.2l Then, f is monotonic
if and only if dom(f*) c £

Plugging in the identity (12.3)), we rewrite the primal optimization problem (P) as a

minimax problem as follows:
po = inf sup (TcTe, M) — f*(M). (P
Kex Me%,
The minimax problem (P’) naturally leads to a dual problem, which can be derived
by interchanging the inf and sup operations:
d* ‘= Ssup inf <77€77C7 M> - f*(M)a
Me, Kex

= sup inf (TgTi, M) — [ (M),

M=0 Kex

(12.4)

where d, € R is the dual value. The last equality follows from the fact that
inf{(7T¢ T, M) | K € A} = —oo whenever M € %, has strictly negative
eigenvalueﬂ

Problem 12.0.5 (Dual Control Problem). Given a convex and monotonic function
f: % — R satisfying Assumption|12.0.2/and its Fenchel conjugate f* : .4, — R,
find a positive-definite operator M € . that minimizes the following objective:

d, = sup inf (TgTi, M) — (M), (D)
MeZy, ke

where d, € R is the dual value.

It is evident from the minimax inequality that weak duality holds, i.e., d, < p,. The
main result of this section, as established in Theorem[12.0.6] demonstrates that strong

minimax duality also holds, i.e., d, = p,.

"More precisely, whenever TywMT,w 0.
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Theorem 12.0.6 (Strong Minimax Duality). Let Assumptions[8.2.4)and[12.0.2| hold.

If there exists a causal and stabilizing controller Ky € % and a bounded operator
Co € L such that Cy = T, T, and f(Cy) < +o00, then the primal problem (P))

admits strong duality in

inf f(T2T%) = max inf (TETe, M) — f*(M), (12.5)
Kex /\//\146;87 Kex

and the maximum is attained at a positive definite point M, € ba.

Theorem 12.0.7 (Strong duality in .Z)). Define the perturbation functions h : £, —
Randg: % — Ras

h(A) = inf f(TETe + A), (12.6)
Kex

9(V) = sup V(M) — f/(M+V), (12.7)
Me,

where h is convex, whereas g is concave. The following statements are equivalent:

i. Strong duality between problems Equation (P) and Equation (D) hold.

ii. h is weak*-lower semicontinous at 0. Namely, for any uniformly norm
bounded sequence {A,},en C Lo N B, that weak* converges to 0, ie.,
w'-lim,, o A, = 0, it holds that h(0) < liminf,_,. h(A,).

iii. g is upper semicontinous at 0. Namely, for any sequence {V,},cn C L)

that converges to 0 in norm, i.e., lim,_, ||V,|1=0, it holds that g(0) >
lim sup,, o0 9(Vin)-

Theorem 12.0.8 (Sufficient Conditions for Strong Duality). The following conditions

are sufficient for strong duality:

i. There exists Ky € ., and Cy € dom(f) such that Cy = Tg, T, and f is

weak*-continuous at C,.

— Canonical example of weak*-continuous convex functions are simply
affine functionals ((C) = (C, M) + b where M € £ and b € R.
Suppose, there exists a finite number of positive-definite dual variables
My,... .My € L, avector b € R, and a proper, convex, lower
semicontinuous function h : R¥ — R such that f(C) = h(£(C)) and
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£(Cy) € ri(h) where £ : £ — R" is a weak*-continuous affine
transformation defined as

T

(c)=[a@© ... n©] =[e M)y e M) +b

ii. cone(Z," — dom(f*)) is a closed linear subspace of £, (in other words,
0 € sqri(Z" — dom(f")) ),

iii. dom(f) is weak*-compact.
iv. The function f norm coercive, i.e., f(C) — oo as ||C||,c — oo

Remark 12.0.9. The condition on the existence of K, € % and C, € .Z,, such that
Co = Ti, Tic, and f(Cp) < 400 is essentially a Slater’s condition requiring existence

of an interior feasible point.

A discerning reader might question the utility of transforming the primal problem (P}
into its dual formulation (D)), given the introduction of an additional maximization
step. The principal advantage lies in the linearization of the objective function with
respect to the quadratic term 7 T through the inclusion of the dual variable M 3= 0
and the Fenchel conjugate f*(M). This reformulation facilitates a more tractable
approach to the minimization problem over causally constrained controllers IC € ¢,
as the inner minimization reduces to a quadratic objective in . While the additional
maximization over the dual variable M = 0 may still pose challenges, addressing the
positivity constraint on M turns out to be more manageable generally than enforcing

the causality constraint on X within the same framework.

Before proceeding to the proof of this result in Section we first illustrate
its applicability across a range of control problems, encompassing both classical
examples and more contemporary cases of interest.

12.1 Examples: Norm-optimal Control

Example 12.1.1 (Standard 7, optimal control). The .77, optimal controller aims
to minimize the .77 norm of the closed-loop transfer function:

Ny = inf || Tel3 = inf tr(T¢Tx), (12.8)
Kex Kex

where 7, > 0 is the minimum % norm. The 7 optimal controller, whenever it

exists and is unique, is denoted by K, = arg min{||Tc|l3 | K € #}.
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It is clear to see that the .7 optimal control problem can be cast in the form of
Problem 8.2.3| by picking

[, (C) = tx(C) with dom(f ) = 2. (12.9)

The 4 norm of the closed-loop transfer operator 7y has several operational
interpretations. The first interpretation establishes a connection to stochastic control.
Specifically, the .74 norm ||k ||5 is equal to the steady-state expected squared-norm
of the regulated output state-space model (8.42)) driven by the feedback controller

when the disturbance process {w;} is a white noise with E[w,w{] = 0,_,1, . i.e.,

T-1

2 1. 1 2
I Ticllz = Tim sup 77 I [Z [eAl ] . (12.10)

t=0

Furthermore, when the disturbances are white Gaussian noise, the .7, optimal

controller coincides with the optimal LQG controller .

The second operational interpretation established a connection as a system gain.
Namely, the || Tx||3 is the worst-case system gain of the closed-loop transfer operator
T : w — z from bounded energy disturbances w € ¢, to bounded regulated output
Tew € L, Le.,

| Tcw |l
[ Tkll2 = sup = = sup |Tewllo_. (12.11)
v‘\)féf(z) HWHZQ [[wll, <1

This is essentially the operator norm of 7 as a mapping from /5 to /. .

Example 12.1.2 (Weighted .77, optimal control). Let M = 0 be a positive-definite
£, operator. The M-weighted .77, optimal control problem is formulated as

inf tr(7¢ TeM). (12.12)

Kex

The corresponding convex function here is simply

Frtn (€)= tr(CM) = (C, M) with dom(fyy ) = Lo (12.13)

Clearly, the usual 75 optimal control corresponds to the special case M =
Z. When the weight operator M is strictly positive definite and satisfies the
Paley-Wiener-Szeg6 condition, i.e., log(M) € £, , then M can be realized as
the auto-covariance operator of a weakly-stationary stochastic process {w;} such

that Ejw,w]] = ]\Z,S. In that case, the corresponding transfer function M (z) is
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the power spectral density of the process {w,} . Under these conditions, one can
interpret tr(7 T M) as the steady-state expected squared-norm of the regulated
output z, as in (2?) for a weakly-stationary and colored disturbance process {w; }

with auto-covariance operator M.

Example 12.1.3 (77 optimal control). The standard .72 control problem is

formulated as
Ve, = inf || Tl = inf || T8 Txlloo, (12.14)
Kex Kex

where 7, > 0 is the minimum JZ7, norm. The /7, optimal controller, whenever

it exists and is unique, is denoted by K, = arg min{ || Tc||% | K € 7).
The corresponding convex function is

[, (€) = |[Cllc with dom(f ., ) = L. (12.15)

The 7, norm ||7k|| can be interpreted as the worst-case system gain of the

closed-loop transfer operator Ty : w +— z as a mapping from ¢, to /5, i.e.,

1 Tewl,
|Ticlloo = sup ———=2 = sup ||Tewlly,. (12.16)
wely, HWHz2 [[wll, <1
w#£0

Example 12.1.4 (H,, optimal control). For p € [1, o0]

inf || Txll3, = inf [|T¢Tkll, (12.17)
Kex Kex

fu,, (C) = ||C||, with dom(fy, ) = £, (12.18)
Example 12.1.5 (Mixed 7%, / 5 control).
inf ||77C||§> O T*T < 2
Kex = inf te(TeTe) +4 ITeTellee <77 15 19,
st | Tellw <7y, X7 +00, O.W.
2
, 0, €l <77,
frmy e, (C) = tx(C) + (12.20)
+00, o.w.,

with dom(f, /) = {C € L | [|Clloc <77}
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12.2 Examples: Distributionally Robust Control

Example 12.2.1 (Risk-sensitive control). The risk-sensitive control objective aims
to minimize an exponential cost, formulated below
inf ~log (EWN]PO [eflw*TgTKW]), (12.21)
Kex
where 7 > 0 is the risk parameter and PP, is a nominal probability distribution
of the disturbances. The expectation above should be understood formally as the
time-averaged limit of finite-horizon risk-sensitive costs. The convex function

corresponding to this problem is given by

£.xs(C) =7 log (]EWN]PO {ef W*CWD with dom(f, gs) = L. (12.22)

With the decreasing value of v, The risk-sensitive objective resolves the gap between
smaller and larger cost values. It penalizes higher cost levels relatively more than the
smaller values as v decreases. This essentially incentivizes the controller to be more

risk-averse to reduce the chances of yielding higher costs.

In the special case of the nominal distribution IP, of disturbances forming a stationary
Gaussian process with auto-covariance operator M, > 0, the risk-sensitive objective

simplifies further to

inf —2 logdet(Z — 27 Te TeM,), (12.23)
Kex 2

where logdet(-) should be understood as tr(log(-)).
The corresponding convex function then becomes
£ rs(C) = —% logdet(Z — 2y 'CM,), (12.24)
with dom(f,zs) = {C € Lo, | C < IM;'}.
Example 12.2.2 (KL distributionally robust control).

inf v — Llogdet(Z — 2 T TeM.) (12.25)
Kex, 2
2T T Moo

Fen(C) = inf yr — Llogdet(Z — 277'CM,), (12.26)
¥>2[CM oo 2

with dom( fx;,) = L.

inf —vlogdet(Z — v T Tx) (12.27)
Kex
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Example 12.2.3 (Wasserstein distributionally robust control). When the ambi-
guity set of plausible probability distributions of disturbances is constructed as a
Wasserstein-2 ball, the distributionally robust controller can be obtained by solving

the following primal optimization problem:

inf 4 ytr (T - Y TRET) T — ) M,], (12.28)
Kex,
> [T Ticlloo

where M, € %" is the auto-covariance operator of the nominal disturbance process,
which is assumed to be weakly stationary, and v is a Lagrange multiplier determined
by the desired radius of the Wasserstein-2 ball, » > 0. The corresponding convex

function for this optimization problem then becomes:
fw,(€©) = inf A’ +ytr[(ZT-7"C)" =) M.], (12.29)
7>[Cllos

with dom( fy,) = Z:-. The suboptimal problem

inf ytr[(Z—~"T¢Te) '] (12.30)
Kex

The corresponding convex function
fow, =7t [(Z —~7'C)"] with dom(f,w,) ={C € £, |C <~T}. (12.31)
Remark 12.2.4. Distributionally robust interpretation of problems of the type

sup V(M) (12.32)
Me.#

where . C %, (S, ) is a convex subset. This is analogous to coherent risk measures.
In fact, one can view this problem as a non-commutative generalization of coherent

risk measures.

Furthermore, the general setting

sup V(M) — f,(M) (12.33)
M=0

is related to convex risk measures.

Remark 12.2.5 (Norm interpretation).
sup \/(T¢ T, M) (12.34)
Me.

is a norm for 7 whenever .Z N int(.Z (S, )) # @, that is, there exists a strictly
positive definite element M > 0 of .Z.
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12.3 Proof of Strong Duality in Theorem [12.0.6|

We need some technical results in order to prove the strong duality.

Lemma 12.3.1. Let f : £, — R satisfy Assumption Then, we have that

inf f(T¢Te)= inf f(C)+ inf sup (M, T¢Tc —C). (12.35)
Kex CeZ Kex A;[\f;%l’

Proof. First, we invoke the monotonicity of f to express f(7x T ) as

JTETR) = inf f(C) st. €= TiTw (12.36)
CeZs,
= inf f(C)+ sup (M, T¢Tx —C), (12.37)
cesy, MeZ,,
M=0
where M 3= 0 is the Lagrange multiplier for the constraint C = T¢ 7. |

Lemma 12.3.2 (LDU Decomposition of Block Operators). Let 7] and 5, be
Hilbert spaces and A;; : H; — J, fori,j € {1,2} be bounded linear operators.

Consider the block operator

A:Fqu

L I B I — T D I 12.38
A, Azz] 1 2 1 2 ( )

i. Ais a bounded operator.

ii. If Ay, has a bounded inverse, then A decomposes into three bounded block

operators L, D, and U as

A Ap _ 7, 0] |Apn 0 I, Ai A
Ay Ay A Al I, 0 Amp — Ay Al A 1,
L D u
(12.39)

iii. Suppose Ay = Ao, Ayy and A,y are self-adjoint, and A,; = 0 with bounded
inverse. Then, A = 0 (resp. A = 0) if and only if the Schur complement is
positive-definite, i.e., Agy — Al ALl Avg = 0 (resp. Agy — Al ALl Apg = 0.)

Lemma 12.3.3. Consider the mapping F : ., — £ defined as F(K) = T¢ Tk

We can define its epigraph using the partial order over the operator algebra as follows
epi(F) == {(K,C) € #, x Ly | F(K) = TeTi < C} (12.40)

We have the following properties:
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= 0.

T
i. (KK,C) € epi(F)ifandonlyifK € ., C € £, and [T* 7C7C]
K

ii. epi(F) isconvexin A, X L.
iii. epi(F)isclosedin 7€, x L., when endowed with the product weak*-topology

(Lo L) % 0(Ho, L4 | ).

Proof. For closedness, first use the fact that epi(F') is convex set. Then, by the
Krein-Smulian theorem, the closedness of epi(F') is equivalent to the closedness
of epi(F)) intersected with bounded sets B, with » > 0. Then, by Banach-Alaoglu,
epi(F)NB, is weak*-compact. Sinceits predual is separable, the weak*-compactness
of bounded sets is equivalent to weak*-sequential compactness. Then, show that
for any weak*-convergent sequence in epi(F') N B,, the converged point remains in
epi(F) N B,. |

Definition 12.3.4. Let y : .2, — Rand V : %, — R be two functions defined as

X(C) = inf sup (M, T¢Te —C), and V(M) = inf (M, T¢T). (12.41)
Kex Mez, Kex

We call V' as the value function.

The following lemma asserts that x is an indicator function of a convex subset.

Lemma 12.3.5. The following statements hold:

i. x: %, — Ris the indicator function of a set Cw_ C L, defined as
G, ={CE€ Ly |IK € A, Co= TETi}, (12.42)
namely, dom(x) = €, and it is exactly zero on its domain.

ii. The set €, C L5 is non-empty, convex, w*-closed. In other words, X is
proper, convex, w*-lower-semicontinuous, and monotonically decreasing.
—V(=M), ifM=x0,

iii. The Fenchel conjugate x* : &, — R satisfies x*(M) =
+00, O.W.



288

Proof. i. By the definition of the positive definite order, for any C € £, and

11.

K € ., we have that

0, if C = T Tk,
sup (M, TeTe —C) = ' rox (12.43)

MeZ, (0.¢] 0.W.
M=0 +00,

Therefore, x(C) = 0 if there exists a K € # such that C = T T and
X(C) = +ooif no such K € % exists. This makes x an indicator function of
its domain dom(x) = {C € £ | IK € A%, C = T Tx }-

(Convexity of 4, ) Non-emptiness follows trivially since TeTe € C e for
any K € . Let A € [0,1] and Cy,C; € €,,_. This means there exists
two causal and stable controllers /Cy, Iy € 2%, such that T¢ Tic, < Co and
Ti, Tr, < Ci. Now, define IC, := ACy + (1 — M)y, then

Mo+ (1= NGy = AT, Try + (1= NTR T, = T Ty, (1244)

where the last inequality follows from the operator convexity of the mapping
IC = T Ty as shown in (2?) for the proof of 22. Thus, A\Cy+(1—-A)Cy € € _.

(w*-closedness of €, ) Step 1: Restricting to norm bounded sets: Since €, _
L is convex, itis 0 (L., £, )-closed if and only if the intersection €’ e, € €
Lo | ICllee <7} is 0(Ly, L, )-closed for each v > 0 by Krein-Smulian
Theorem (?7?).

Step 2: Sequential Closure of Bounded Sets: Fix any v > 0. The ||.||,-ball

of size v > 0 is 0(Z,,-Z))-compact by Banach-Alaoglu Theorem (??).
Moreover, since the predual ., is a separable space, the norm bounded
ball is sequentially compact, meaning every sequence in it has a convergent
subsequence. Therefore, the intersection 4, N {C € £, | [[C|~ < 7}
is 0(Z,, %, )-closed if and only if every o(.Z,,, %, )-convergent sequence
in it converges to a point in it. Concretely, let {C,},cn be a sequence in
Cw, N{C € Z, | [[Cllc £ 7}, converging to a point C, € £, with
ICs]loe < v inthe 0(Z,, %)) sense. This means there exists a sequence of
causal and bounded controllers {K,, },,cny C %, suchthat T¢ T < C, < 7T
and lim,_y (M, C,) = (M, C,) forall M € .Z].

Step 3: Uniform Boundedness of the Controllers: Notice that one can decom-
pose the closed-loop transfer operator as T = T, KTy + T3 = UAKV V" + T,
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where 7; = UA and T, = VV" are inner-outer factorizations such that
ANV, VT € Z outer operators and U, V' € R, are inner
operators such that /*UY = Z and V*V = Z. We can bound the .7, -norm of
KC above by the 7 _-norm of T as follows:

1K |leo = [ATUUARYVVV | oo, (12.45)
< AU LIV IUAK YV oo, (12.46)
= AT IV ol Tk = T5ll o0 (12.47)
<A oIV oo (1 Tk lloo + 175100 (12.48)

Since sup,,cy || T, lo < +/7- the sequence {KC, },cn C £, is uniformly

norm bounded.

Step 4: Existence of a Viable Controller: By the Banach-Alaoglu Theorem

(2?), there exists a subsequence {/C,, },en C 2, which converges to a point
K, € A, under the o(H, £,/ H") topology, i.e., lim_,. (K, A) =
(K,, A) forall A € .&4,.

The proof is completed if T Ti, < C,. By the Schur complement lemma

(Lemma (12.3.2), the condition 7¢ 7 < C is equivalent to the positive-
definiteness of the following block operator:

7 T

= 0. 12.49)
e C (

Therefore, we have that

T Tk
Te C

9

A11 A12 _ O» if 77577C 4 C7 (12 50)
Afy Ay +00, O0.W.



iii.

Using this fact, we obtain that

All A12
ATQ A22

T T
Tc. G

Y

)

= sup —tr(Ayy) — 2R {(77Ca A12>} —(C,, Ay),
=

AEZ, k—o00
A=0

(b)

k—o00 Ae#,
A=0

T Tx,
7., Cu,

"k

CORTI

= liminf sup — ,
k—o00 NS
A=0

All A12
ATQ A22 ’
@
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(12.51)

(12.52)

D sup Tim — tr(Ay) = 20 {(Tx ., Ao} = (Cops M), (12.53)

< timinf sup — tr(Ay) = 20 {(Tx_ . Ao} = (o, Aoa),

(12.54)

(12.55)

(12.56)

where equality (a) follows from the weak*-convergence of sequences {C,,, } xen

and {C,,, }xen, inequality (b) follows from the lim/sup inequality, equality (c)
follows from the fact that 77énk 77% < C,, . and the equality (d) follows from

(12.50).

Thus, we conclude that ‘@fm is weak*-closed. Hence, the indicator function y

is proper, convex, and weak™ lower-semicontinuous.

By the definition of Fenchel conjugate, we have

X" (M) = sup (M, C) —x(C),

ces,

= sup <,/\/l7 C) st. I e %,C = 77C*77C7

ces,

= sup (M, C) st. Cx=TTk.
ces,,
Ker

When M < 0, we have

X'(M)= sup —(-M,C) st. C=TTxk,
CeZ,
Kext

= inf (-M,C) st CxToTn,
CeZ,,
Kex

——inf (- M, TETR) = —V(-M),
Kex

(12.57)
(12.58)

(12.59)

(12.60)

(12.61)

(12.62)
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When the spectrum of M has otherwise strictly positive elements, then C can

get arbitrarily large, yielding y (M) = +oo.

We are now ready to prove Theorem [12.0.6]

Proof of Strong Duality in Theorem[12.0.6} By Lemma([I2.3.TJand Lemma[12.3.5]

we can write the primal objective (P) as a minimization of the sum of two convex

functions over the cone of positive definite operators in .Z_:

inf f(7T¢Tx) = inf f( )+ x(C). (12.63)
Kex ces
Since there exists Ky € £ and C, € Z,, such that C; > T¢ T, then x(Cy) = 0.
Moreover, there is a neighborhood 4, C £ around C such that x(C) = 0 for all
C € A, hence Y is continuous at C,. Since C; is in the domains of both f and Y,
and y is continuous at C, Fenchel-Rockafeller duality theorem 56, Thm. 4.1], [254,
Cor. 2.8.5] implies that the following strong duality holds:

inf f(T¢Tc) = inf f( ) +x(C) = max —x"(M) — f(=M), (12.64)

Kex ces Mez,

and the maximum is attained at a point M, € .. Plugging in the conjugate of x
derived in Lemma|[12.3.5] we get

inf f(T¢Tx) = max V(=M)— f(—=M), (12.65)

Kex Me jl?
M=0

= max V(M) = ff(M), (12.66)
M0

= max inf (M, T¢Te) — fF(M). (12.67)

MeZ, xern
M:=0
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Chapter 13

PRIMAL-DUAL OPTIMALITY CONDITIONS

In the preceding section, we derived the dual reformulation (D)) of the primal optimal
control problem (P) and showed in Theorem [12.0.6] that the strong duality holds
under some regularity conditions. We also presented various example control
problems, both historically well-known and more recently studied, deriving their

dual reformulations.

Towards the ultimate goal of devising a systematic and practical control synthesis
paradigm for generalized control objectives, we aim to establish necessary and
sufficient conditions for the optimality of a controller, if it exists, in the primal
program (P)) in this section. The primary utility of deriving the dual program lies in
enabling explicit was to perform the optimization over the controller K by instead
solving a simple M-weighted .74, control problem at the expense of solving an
additional optimization problem over the positive-definite dual variable M = 0. In
particular, viewing the dual program (DJ) as a concave-convex zero-sum game between
a positive-definite dual variable M = 0 and a causal controller XL € ", we show in
Theorem [13.0.1] that the optimal solutions to the primal and dual control problems
can readily be characterized as the saddle point of this game. The derivations rely on
two main technical tools: (i) the Wiener-Hopf method to derive the optimal controller
KC in terms of the dual variable M, and (ii) Karush-Kuhn-Tucker (KKT) conditions
to derive the optimality conditions for the dual variable M in terms of the controller
K.

We devote the rest of this section to a detailed discussion of our approach and
revisiting the previously introduced example control problems to derive the optimal
controllers. It is worthwhile to note that although some of these controllers are
already well-known and have been derived several times using various meticulously
involved and specific techniques, our approach not only brings forth a novel and
systematic methodology that collectively subsumes all these problems and the specific
techniques in a single, unified framework, but it also enables deriving explicit forms
of optimal controllers of previously open problems, such as the mixed 7,/ 7, as

well as novel control objectives, such as .7Z,-optimal control.

Theorem 13.0.1 (Optimality and Saddle Point Conditions).
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13.1 From Value Function to Wiener-Hopf Technique
Recall the strong duality (12.5)) derived in Theorem [12.0.6;

inf f(TRT) = max inf (T M)—f(M), (13D
Keox /\;\‘jj)h@e%
—V(M)

where V : .4 — R is called the value function as defined in Definition
While a positive-definite solution M, € £ to the dual objective is guaranteed
to exist under the assumptions of Theorem [[2.0.6] the same theorem does not
explicitly provide such existential guarantees for an optimal causal and stabilizing
LTI controller K, € J# solving the primal control problem (P). Furthermore, we
ultimately wish to obtain a computationally feasible set of necessary and sufficient
conditions for its optimality in order to synthesize and deploy such a controller for

real-time implementation.

As a first step towards characterizing the optimality conditions, we study the
inner minimization in the dual control problem (I3.1), namely the value function,
V (M), defined in Definition [12.3.4] As pointed out in ??, this objective is simply
a weighted 7%, problem where the positive-definite weighting M = 0 shapes
the spectrum of the closed-loop transfer operator 7 : w — z. Moreover, the
weight M = 0 can be interpreted as an auto-covariance operator of a weakly
(aka. wide-sense) stationary random process under a mild regularity condition (i.e.,
Paley-Wiener-Szegd criterion), hence, elucidating and reinforcing the distributionally
robust and risk-aversive interpretations of the dual control problem in Remark[12.2.4]

as well as the game-theoretic view presented earlier.

In the rest of this subsection, we first state some useful properties of the value
function V(M) in Lemma|13.1.1} Then, in Theorem|13.3.5} we obtain a closed-form
expression for a minimizing controller C € ¢ in terms of dual variable M using

the infamous Wiener-Hopf technique.

Lemma 13.1.1 (Properties of V). The following holds: the function V : £, — Ris

i. proper, concave, upper-semicontinuous with the domain

dom(V) = {M € .2, | TMT; = 0}, (13.2)

ii. positively homogeneous, i.e., V(AM) = AV (M) for any M € £} and X\ > 0,
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iii. strictly monotonically increasing, i.e., V(M;) < V(M) whenever M, <
M.,

iv. superadditive, i.e., V(M +My) > V(M;)+V(My) forany M, M, € Z,.
v. bounded above as V(M) < || M|[, ;Clg;fg/ ||77C||§of0rany./\/l € .2, and bounded

below as V(M) > HM_1||;>1 ’Cien;g ||77CH§ whenever M = 0.

(oo}

Lemma 13.1.2 (Superdifferential of V' (M)). The following properties about the
superdifferential of V hold:

i. has non-empty, weak*-closed, and convex superdifferential OV (M) C L5 at
every interior point M € i, (dom(V')) (wrt. norm topology).

ii. A bounded and positive definite operator G, € £, is a supergradient G, €
oV (M,) at M, € dom(V) ifand onlyif Gy € € _and (Gy, M) = V(M)
(equivalently, (Gy, M) > V(M) for all positive definite M € £, with
equality at M,).

iii. If My € dom(V), then OV (AM,) = OV (M) for any X > 0.

Lemma 13.1.3 (V (M) is monotonic under transformation). Let M € Z"*" be
positive definite and not exactly zero. Suppose M admits a canonical spectral
factorization M = LL" with L € """ with rank(L) < n being left-outer and
Let G € OV (M) be a supergradient. Define the transformation 7 : M — L*GL.
Then,

(13.3)

V(r(M) _ (VM)
tr(M) = (tr(M}> '

13.2 Inner-Outer and Spectral Factorizations

Definition 13.2.1 (Inner and Outer Operators [67, Ch. 7]). A bounded, causal
operator U € 2™ (resp. anti-causal operator V € 2" ™) with n > m is called

inner (resp. co-inner) if U'U = T, (resp. V'V =T,,).

A causal operator £ € £, with n > m (resp. n < m) is called left-outer (resp.
right-outer) if there exists a causal and (marginally) stable operator G € """ (not
necessarily in 7)) such that GL£ = 7, (resp. LG = Z,,). Such an operator G is called
the left-inverse (resp. right-inverse) of £ and denoted as £ := G. £ € 6™ s
simply called outer if it is both left- and right-outer with the same inverse and the

. . -1
inverse is denoted as £ .
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Lemma 13.2.2. Given L € "™ with n < m, the following statements hold:

i. L is right-outer if and only if the set LI is dense in %’;"Xl [103, Thm.
10].

ii. If n = m, L is outer if and only if there exists H € 6" such that
L = exp(H).

Theorem 13.2.3 (Inner-Outer Factorization ). Forp € [1,00], let T € """ be a

causal operator.

1
i. If the left-absolute value |T|, = (T"T)2 € Z£"*™ is non-singular (i.e.,
T(z) € C"™™ is full column rank a.e. on z € T withn > m), then there exists

an inner operator U € "™ and an outer operator A € F," ™ such that

T =UA.

1
ii. If the right-absolute value |T|. = (TT")2 € £,""" is non-singular (i.e.,
T(z) € C"™ is full row rank a.e. on z € T withn < m), then there exists a

co-inner operator V € ZC."" and an outer operator V € %nxn such that

T =VV.

Definition 13.2.4 (Paley-Wiener-Szeg6 Criterion). A strictly positive-definite Lau-
rent operator M = 0 in 2" with the transfer matrix M (e¢’”) > 0 a.s. is an
auto-covariance operator of a weakly stationary stochastic process if it satisfies the

Paley-Wiener-Szegd criterion: The logarithm log(M) is in .2, i.e.,
1 [" w
2—/ logdet (M (e™)) dw > —o0. (13.4)
™ —T

The transfer matrix M (e”) € §", of such an auto-covariance operator M € Z"

is called a power spectral density.

Theorem 13.2.5 (Spectral Factorization[240, Thm. 7.13], [102, Thm. 9]). A
positive-definite operator M = 0 in Z"*" is an auto-covariance operator if and
only if it admits a left (or right) spectral factorization M = LL" (resp. M = G*G)

where

i. L& A" (resp. G € 75"") is a causal left (resp. right) spectral factor
with stable transfer matrix L(e’) (resp. G(€’)), and
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ii. det(L(oc0)) # 0 (resp. det(G(o0)) # 0) so that L (resp. G) is invertible in
A" e, LTV e A (resp. G e AG).

In that case, the Paley-Wiener-Szegd Criterion is equivalent to

% /: logdet(M (™)) dw = 2log|det(L(o0))| = 2log |det(G(0))| > —oc.
(13.5)
The unique left (resp. right) spectral factor L (resp. G) with symmetric and strictly
positive-definite L(co) = 0 (resp. G(oo) = 0) is called the left (resp. right)
canonical spectral factor.

Notice that the Paley-Wiener-Szegd Criterion is trivially satisfied under the sufficient

condition that M = oZ for a positive scalar a > 0.

M=LRL" (13.6)
where R(z) = R € $7%" forall z € C and £, L' € 74"" such that L(c0) =
L' (c0) = I, and

1 ™
2—/ logdet (M (e™)) dw = logdet(R). (13.7)
™ —Tr

13.3 Weighted-.%, Spaces and Wiener-Hopf Projection

Definition 13.3.1 (Weighted .4, and 7%, Spaces). Let M € £, and M = 0. We
call T € %, o if and only if TMT™ € 4. Furthermore, T € % 4 iff it is causal
and T € & p.

Lemma 13.3.2 (Properties of .5 \( and J7; ,, [241, Lem. 4.1-4.2]). Let M € £}
satisfy the Paley-Wiener-Szegd conditions and let Ml = LL be its canonical spectral

factorization.

i. The space £, », is a Hilbert space with the inner product and norms defined

as

(T7, Ty = tr(TIMTS), Tl = A/ tr(TMTT). (13.8)

ii. The space 7 \y C 25\, is a sub-Hilbert space with the same inner product

and norm.

iii. T € Ly (resp. T € I p) ifand only if TNV M € 2L (resp. TL € 7).
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V. Lo C Lo pand F, C I py.

V. Rational functions Z%L ., (resp. AH ) are dense in Ly y (resp. 5 p)

wrt the ||-|| o, norm topology.
vio [T p < 1Tl tr(M)

Lemma 13.3.3 (Hilbert Projection Theorem ). Let (H, ||-||) be a Hilbert space. For
any vector x € H and a closed convex subset C' C H, there exists a unique point
z, € Csuch that ||z — z,|| < ||z — z|| for all z € C. In other words, the mapping
Po : H — C defined as

Pgo(z) = argmin ||z — z||, (13.9)

zeC

is well-defined and unique.

Lemma 13.3.4 (Projection). Let M € £, be an auto-covariance operator with
canonical spectral factorization M = LL". Given a non-causal bounded operator
K, € £, consider its best bounded and causal 7., approximation in M-weighted

Ly p norm:

diSt?fQ’M (K"oa%oo) = ICIQE{/ {HIC - K:OHng = tr ((IC - K:O)M(IC - K:O>*)}

(13.10)
The following statements hold:
i, dist, , (Ko, #) = disty, |, (Ko, Ao ) = min |IK =Kol
ii. The optimal distance is equal to dist?@p2 u Koy 7 04) = HK L} | 5, which

is achieved by KC, == {K L}, L€ A

Sy
iii. There exists a sequence {K,} C RBAH ., such that K,, —= K,, namely,
lim [|K,L — K.L|ly = 0and lim [|K, — K|} = dist?, (K., 7).
n—o00 n—o0 )
v. If M = 0and K, € ZH ., then the optimal solution is bounded, i.e.,
K, € ..

Proof.

1K = Koll3 = |IK = Ky + K, — Kol (13.11)
= K = K. |3 + 11K, = Kol s (13.12)
= ||KL — {K.L},]|5+ V(M) (13.13)
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Step 1: Density of 7. Since L € 7, is outer, and {K L} € 7%, there exists a
sequence {K,, },en C H5 such that

KL — {KLY [l — 0. (13.14)

Convergence to optimal value. This implies

10 = Kollha = Il = {KLY [l + V(M) = V(M) (13.15)

Boundedness. As M = 0,0 < M ™! € <. and L£te £ is outer. Therefore, for
any IC € 2,

1K = Kollze < 11K = Kollz = (KL = K.L)L™ 3, (13.16)
<KL = KL 1L = 1K = Kol M ™|
(13.17)
Thus,

limsup ||, — Ko[3 < M |0 limsup €, — Kol = Mo V(M)
n—oo

n—oo

(13.18)
Moreover, for any KC € 7, we have
1Ko = 1K = Ko + Kolloo < 1K = Kolloo + 1Ko ]loo (13.19)
by triangle inequality. Thus,
limsup [, e < /M oo VM) + I, (13.20)

By definition of lim sup, for any small enough ¢ > 0, there exists /N, € N such that

sup [l < /M7 oo VM) + ol e (13.21)

In other words, the sequence {/,, },,> . is uniformly bounded. Since closed and
bounded set in J7 are weak*-compact by Banach-Alaoglu theorem, there exists a

uniformly bounded subsequence {/C,, },en and K, € 2 such that C,,, 2 Ko

Theorem 13.3.5 (Wiener-Hopf Technique [120]], [250], [251]). Without loss of
generality, let d, > d, and d,, > d,. Suppose Ty,MT; for M € L satisfies
Paley-Wiener-Szegd criterion in Definition The value function V : £, — R
defined as

V(M) 2 inf (T&Te, M) = tr(TETeM), (13.22)

Kex
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d, xd
admits an optimal solution IC, € %’37_2 M 8iven by

K, =A'{AK,VL}, LTV (13.23)

d, xXd . .
where IC,, € £ Y . is the optimal non-causal controller as
2, 7o M7y

Kpe = () "I s MT5 (ToMT5) 7 (13.24)

Ti = UA (resp. T, = VV*) is inner (resp. co-inner) factorization such that
TIT = A'A (resp. Ty T, = VV7) is left (resp. right) canonical spectral
factorization with A, A™" € BAH""% (resp. V, V' ¢ %%”ng%) outer and
U=TA"' € BAEN (resp. VI =V T, € %%ﬂffg”w is inner (resp. co-
inner) with'U = I, (resp. V'V =1, ), and LL" = U" MU is right-canonical

o ) d,xd
spectral factorization with L € 2, v outer.

Moreover, if ToL,MT; = 0 strictly positive, then K, € %d"Xdy, and if M € £,
then IC, € BMOA C (., 75,

p>1

Proof. We recast the problem with unitary extensions of the inner and co-inner
factors so that only one block of a 2 x 2 matrix depends on the controller. The

minimization then reduces to an orthogonal projection in .745.

1. Inner / co-inner completions. From the left-canonical factorization 7, = UA
we already have U € Z.7 Congd“ inner U'U = 1, ). Because d, > d,, there exists an
inner complement

UeRALEM with U = U U] = UU=UU =1,.

z

Likewise, the right-canonical factorization 7, = VV* gives the co-inner V" €
d, xd

RI 2
so that

" (V'V = 1, ). Because d,, > d, we can choose a co-inner complement V
Yy

V= [V V] satisfies VV=VV =1, ,

w

hence both I/ and V are unitary transfer matrices.

2. Four-block lifting of the closed loop. For a causal controller IC set Q=AKLV.

The standard Youla parameterization gives

Te=VoUu + T;.
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Introduce the lifted map

Q+V'TU VTU

S’C = ]_)*RU: ~ ~ ~
VU  VTU

Because V and U are unitary,

V(M) = tr(TETeM) = ti(SicSe U MU).

3. Block-dispensational of the weight. Let M = GG" be the canonical JZ
spectral factorization and factor U MU = LL* with £, £ € 7 outer. A direct
algebra (Schur complement) shows

— L£L 0
U MU = , M, =0, M | independent of Q.
0 M,
Consequently

VM) = [[(Q+VTU) L, + t(VTU M, UT;V),

and the second term no longer depends on Q.

4. Orthogonal projection in .77%;,. Define

X = VTLMUL™ € LN,

The same norm estimate as in the original proof yields X' € .%,, whence the
orthogonal decomposition X' = {X'}, + {&'} _ (with {-}, the orthogonal projector
onto .74;). Choosing

0, = —{x}, £ e Y

forces the analytic part of (Q + V"T5U )L to vanish and attains the global minimum
of V(M).

5. Optimal controller and regularity. Since K = A™'QV ! we finally obtain

— — — — —x — — dy X dy,
Ke=ATH{AK VLY LV = A VT MUL™ } LTV ety 0

If 7, MT5 = 0 then every factor is analytic and square integrable, hence K, € 74,.
When M € £, X € BMOA, so K, € BMOA C ﬂPZl .
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This completes the proof. The four-block formulation shows that the inner comple-
ments , % merely embed the problem into a unitary environment; only the upper-left

block is optimization-relevant.

Theorem 13.3.6 (Sub-Nehari Problem). Let K, € £, and C € £, be self-adjoint.

Then, there exists a bounded and causal operator K € ., such that
(K—-—K)"(K-K,) <C (13.25)

if and only if there exists a J-canonical factorization

K5 —C+ KoK, Ly L] |0 =I| |Ly Lo
where -
L L L L
11 Lo 7 11 Lo and 51_11 (13.27)
Loy Lo Loy Loy

are causal and bounded, and L, is strictly causal. All such causal and bounded

operators are parameterized asver
IC - (ﬁll - S£21)71(S£22 - £12) (1328)

for any causal and strictly contractive operator S.

13.4 Finite-Dimensional Parametrization of M,

We first obtain an equivalent condition of optimality of M,

Lemma 13.4.1. Define the anti-causal operator T = {AIKC,}_. The optimality
condition in (9.16)) takes the equivalent form:

2
LiL, = i (I+ \/I+47*1{T£*}*{7'£*}> (13.29)

where v, >0 is such that BW(L L, T) = r.

Denoting N, := L;L,, there exists a one-to-one mapping between M, = L L}
and N, due to the uniqueness of the spectral factorization. Consequently, we
interchangeably refer to both N, and M, as the optimal solution. The following
theorem characterizes the optimal N, in the frequency domain, implying a finite-

dimensional parametrization.



302

Theorem 13.4.2. Denoting by T(z)=C(z "I —A)"' B the transfer function of the
anti-causal operator T = {AK,}_, let f : (y,T) e RxR%*% s N return a pd
operator with a transfer function z €T +— N(z) taking the form

1

2
T <I+ \/ I+47_1F*(z_II—Z)*6*6(2_1[—2)1F> :

where (A, B,C) are obtained from the state-space parameters of the system in

(©2) (see Section [9.D)). Then, the optimal solution N, = L.L, in (13.29) satisfies
N, = f(7,,T,) where
1 2

r,=—
27,

(I — e A" BL,(e")dw, (13.30)
and ~, >0 is such that BW (L, L, T) = r.

Notice in Theorem |(13.4.2|that N, (z) involves the square root of a rational term. In
general, the square root does not preserve rationality. We thus get Corollary [13.4.3]

Corollary 13.4.3. The optimal W,-DR-RO controller, K,(z), and N,(z) are non-

rational. Thus, K,(z) does not admit a finite-dimensional state-space form.

Given the non-rationality of the controller K, (z), Kargin®, Hajar", Malik", et al.
[123]] proposes a fixed-point algorithm exploiting the finite-parametrization of the
controller. In the next section, we propose an alternative efficient optimization
algorithm, which, in contrast to the fixed-point algorithm, has provable convergence
guarantee to the saddle point (K, N,).
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Chapter 14

FREQUENCY-DOMAIN OPTIMIZATION TECHNIQUES

State-space controllers form the backbone of modern control engineering. Their
compact structure, interpretability, and ease of implementation make them partic-
ularly well-suited for real-time and embedded applications. Moreover, state-space
realizations admit highly efficient and scalable implementations, allowing them to be
deployed reliably in high-dimensional systems. As such, it is a natural and desirable

goal to design finite-dimensional state-space controllers for any real-world setting.

Nonetheless, as demonstrated in the preceding chapter, the optimal controllers arising
from many advanced control problems—particularly those involving distributional
robustness or multi-objective criteria—are often non-rational. That is, they do not
admit realizations as finite-dimensional state-space systems and are fundamentally
non-implementable in exact form with finite-memory. Consequently, the most viable
alternative is to seek a suboptimal controller of finite degree that offers provable

performance guarantees.

Concretely, we seek to synthesize a causal, finite-dimensional state-space controller
K € . of finite McMillan degree deg(l%) = dy € N specified by the realization
Sii1 = Ags, + By,
t+1 Kot Yt (14.1)
Uy = C;Est + D;Eyta
where s, € R~ denotes the internal state of the controller, and (Ag, Bg, Cg, Dg)
are its state-space parameters. Let dp = max(d,,d,, d,,, d,, d,) denote the effective
dimension of the plant model and J, := inf;. ,, J(K) be the optimal achievable

performance.

A controller is said to be practically implementable if it satisfies a prescribed
degree bound dy, achieves a specified relative performance loss € > 0, and can be

synthesized efficiently. We formalize this synthesis problem as follows:

Problem 14.0.1 (Practical Controller Design). Given a degree bound d; € N and
a target relative performance gap €p > 0, develop an efficient algorithm to synthesize

a controller

Az | Be

KK\ exneAa,, (14.2)
Cg | De
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~

with deg(K) < dj and computable in time O(poly(dp, dj,c ")), such that the

primal relative suboptimality gap satisfies

J(K) = J,

*

gapp(K) = <ep. (14.3)

This design problem inherently reflects a three-way trade-off between performance
accuracy, controller complexity (i.e., degree), and computational complexity. To
make this trade-off explicit, we distinguish between two complementary problem

formulations:

* Fixed-Degree Design with Optimal Accuracy: Given a prescribed maximum
degree dyi € N, develop an algorithm that synthesizes the best-performing
rational controller of degree at most d, i.e., solve:

inf  J(K) st deg(K) < dy. (14.4)
Kextnz# .,

* Fixed-Accuracy Design with Minimal Degree: Given a prescribed perfor-
mance accuracy €p > 0, develop an algorithm that synthesizes a rational
controller of minimal degree achieving the desired accuracy, i.e., solve:

- J(K) - J,

inf  deg(K) s.t.

<ep. (14.5)
Rexnzr,, J,

While it is desirable to directly solve either of these finite-dimensional optimization
problems rather than confronting the original infinite-dimensional optimal control
problem, both formulations (14.4) and (14.5)) are computationally intractable as the
set of causal systems with bounded McMillan degree is highly non-convex, thereby

rendering the resulting optimization problems non-convex and N P—har(ﬂ

Dual Perspective

A promising alternative to synthesizing practically implementable finite-degree
controllers is to approach it from the perspective of the dual optimization problem, as
developed in detail in the preceding chapters. Within the Wiener—Hopf framework, it
is known that a finite-degree dual solution M induces a corresponding finite-degree
controller K. This observation motivates the strategy of searching for a finite-degree
suboptimal solution M to the dual control problem, which comes similarly in two

flavors:

"The same prohibitive complexity issue persist even if one seeks to synthesize the closed-loop
system directly, as in System Level Synthesis, rather than designing the controller explicitly.
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* Fixed-Degree Dual Optimization:

sup V(M) — f5(M) st deg(M) < dy, (14.6)

MezzT

* Fixed-Accuracy Dual Optimization:

inf deg(/\//Y) s.t. = (V(ﬂ) — f*(ﬂ))

MezsT

< €p, (14.7)

where d;; € N is a prescribed upper bound on the McMillan degree of the rational
dual variable M € #.% T and e, > 0 is a target bound on the dual suboptimality

gap.

Despite their appeal, these formulations remain non-convex and computationally
intractable for the same fundamental reason: the inherent non-convexity of the degree
constraint. As a result, directly searching over finite-degree rational power spectral

densities in the dual domain is no more tractable than in the primal setting.

Moreover, even if a viable solution MeRL T with dual suboptimality certificate
ep 1s successfully obtained, and a finite-degree controller Kextnazrt o 1S
constructed from M via the Wiener-Hopf technique, one must still establish a
corresponding primal performance guarantee. In other words, it is necessary to
convert the dual suboptimality certificate £, into a primal suboptimality bound
e p for the synthesized controller M. This conversion is generally nontrivial, and
no universal theory guarantees its validity for arbitrary convex problems. Explicit

bounds on the primal gap can be derived in certain structured problems.

This begs the question:

How can we construct feasible and practically implementable finite-
degree state-space controllers I€, as in (14.1)), that satisfy a prescribed
suboptimality gap and a maximum allowable McMillan degree, in a
computationally tractable manner, for a given convex infinite-horizon

control problem with generalized performance objectives?

Our Approach: Optimize-then-Approximate
Although the inherent non-convexity and computational intractability of finite-degree
controller synthesis may initially appear insurmountable, the central thesis of this

dissertation is that the underlying infinite-dimensional optimization problem can,
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in fact, be approached in a computationally tractable manner. This tractability
stems from the convexity of the formulation and the finite-dimensional structure of
the plant dynamics. As detailed in the preceding chapters, the optimal solutions
to both the primal and dual formulations of the control problem can often be
characterized as a saddle point (KC,, M,) through the Karush—-Kuhn-Tucker (KKT)
conditions. Moreover, in a broad class of relevant problems, the dual optimal solution
M, (z) admits a closed-form, non-rational transfer function representation that is

parametrized by a finite-dimensional object uniquely identifying the solution.

This observation motivates a two-stage approach:

i. Numerically solve the infinite-dimensional optimization: Rather than

attempting to solve the finite-dimensional but inherently non-convex and

computationally intractable formulations in (14.4),(14.3)),(14.6), and (14.7),
we instead pursue the solution of the original infinite-dimensional dual control

problem directly. While both the primal and dual decision variables (/C, M) are
intrinsically infinite-dimensional operators, we exploit their transfer function
representations in the Fourier domain to develop high-fidelity and scalable

numerical optimization algorithms.

ii. Approximate the solution with a rational controller: Upon obtaining
a high-fidelity solution to the infinite-dimensional control problem, direct
implementation may still not be viable if the associated transfer function is
non-rational. In such cases, we proceed to construct a rational controller of
bounded McMillan degree that approximates the optimal infinite-dimensional
solution. This approximation must be carried out in a manner that ensures
theoretical guarantees on the resulting suboptimality, thereby enabling reliable

implementation without significant degradation in performance.

In this chapter, we focus exclusively on the first stage of the proposed framework: the
efficient computation of approximate solutions to infinite-dimensional optimization
problems. The second stage, namely, the approximation and realization of these
solutions via finite-dimensional rational controllers, is deferred to the subsequent

chapter.

Transfer Function Representation and Computational Amenability
The primary mathematical objects considered in this study are infinite-dimensional

operators that either represent linear time-invariant (LTI) systems—such as the
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controller K, the closed-loop operator 7, and related constructs—or encode statistical
correlations, such as the autocovariance operator M of stochastic disturbances. This
representation offers a compact and powerful means of describing the global behavior
of dynamical systems and stochastic processes across the entire time horizon. Their
algebraic manipulation follows rules closely resembling those of finite-dimensional

matrix algebra, making them analytically tractable and conceptually familiar.

Crucially, these operators admit several equivalent representations, among which the
most computationally tractable is the transfer function (or Fourier) representation.
Specifically, any Laurent operator X' € .Z,(V, W) admits an associated transfer
matrix function X € L,(T, Z(V,W)) defined by its Fourier series:

X)) =) Xe ™, (14.8)

tez
where w € [—m, 7). This representation provides a concrete object—namely, a
function defined on the unit circle T—that is well-suited for digital computation and

numerical optimization.

Although the time-domain (via Markov parameters ()A(t)teN), operator-theoretic (via
X), and frequency-domain (via X (z)) formulations are all mathematically equivalent,
the transfer function representation is especially advantageous from a computational
standpoint. Many systems of practical interest exhibit spectra composed of simple or
structured components, such as those arising from first-order IIR or AR(1) processes,
which allows for an effective finite-dimensional representation, such as rational

functions.

Even in instances where the optimal transfer functions are inherently non-rational,
as in Wasserstein distributionally robust control and mixed .74 / 7, formulations,
it is often possible to express these functions through structured parametric forms
defined over finite-dimensional parameter spaces. These representations, while not
rational in the classical sense, nonetheless permit tractable evaluation, manipulation,
and optimization. Moreover, even in the absence of an explicit finite-dimensional
parametrization, a transfer function can still be effectively approximated by discretiz-
ing the frequency domain and storing a finite (albeit potentially large) set of spectral
samples on the unit circle. This discretized spectral representation retains sufficient
fidelity for many practical purposes and facilitates algorithmic implementation. As
such, the transfer function framework offers a particularly suitable foundation for

digital computation. In what follows, we shall develop efficient numerical algorithms
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that exploit the structural advantages of the transfer function representation to enable

tractable optimization in infinite-dimensional controller synthesis problems.

Chapter Overview

Whereas the preceding chapters established duality and optimality results in a general
abstract framework and subsequently applied these foundational master theorems to
derive explicit solutions for specific problem instances, the present chapter adopts
a complementary, bottom-up approach. This reversal is motivated by the intrinsic
difficulty of designing a universal algorithm that simultaneously exhibits all desirable
properties, such as efficiency, scalability, and robustness, across a broad class of
problems. In contrast, leveraging structural features unique to particular problem
settings often enables the design of more specialized and computationally efficient
algorithms. Accordingly, we begin by examining algorithmic strategies tailored to
specific subclasses of problems and culminate with a general-purpose framework

that integrates insights from these specialized cases.

In particular, Section[I4.1]focuses on problems for which the optimal dual solution
M, (=) admits a finite-dimensional parametric transfer function representation. The
most favorable and practically relevant scenario occurs when this parametrization
permits the reformulation of the original infinite-dimensional convex program into
an equivalent finite-dimensional convex problem. Such reformulations significantly
reduce computational burden and allow for the direct application of standard convex
optimization techniques. Even when an exact finite-dimensional convex reformulation
is unavailable, the underlying parametric structure of M, (z) can still be exploited to
construct efficient algorithms, such as those based on fixed-point iterations. These
approaches reduce the computation of M,(z) to a finite-dimensional parameter

search constrained by optimality conditions.

The most technically challenging regime arises when the dual solution lacks a tractable
closed-form or parametric representation. In such instances, the discretization of
the transfer function spectrum becomes indispensable for practical computation.
Section [I4.2] and Section address these cases in the context of constrained
and unconstrained dual formulations, respectively. Beyond the inherent difficulties
posed by spectral discretization, an additional obstacle is the inapplicability of
standard first-order methods. The underlying optimization problems are typically
posed over Banach spaces, often endowed with weak topologies that do not admit a

natural metric structure. Consequently, classical convergence analyses grounded in
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notions such as strong convexity or Lipschitz continuity defined with respect to a
metric fail to apply. To address this, we introduce a class of provably convergent
and computationally tractable algorithms based on Bregman divergences. These
divergences serve as a more appropriate surrogate for metric-based notions, thereby

facilitating the development of convergence theory in this more general setting.

14.1 Algorithms Utilizing Finite-Dimensional Parametrization
In this section, we develop provably efficient algorithms for computing the optimal
dual solution M, in instances where it admits a closed-form and tractable parametric
representation in the Fourier domain. As a starting point, we recall the dual formu-
lation of the full-information Wasserstein-2 regret-optimal distributionally robust
control problem. Specifically, consider the setting with the nominal autocovariance
M, = 7 and the regularized ~y-suboptimal form of this problem for v > yp(:

max V(M) —ytr ((\//\_/l - I)2> : (14.9)

MezT,
M=T

As established in the preceding chapter, the optimal solution M, admits a canonical
spectral factorization M, = £, L € £ with a canonical factor £, € £, whose

Fourier-domain representation satisfies the parametric form:

2

I+ \/ T+4y ' TH(e [ — Ay) T Ce™1- AL )T,
L, (") L, (") = 5 ;
for w € [—m, ), where A, = A — B,K), denotes the closed-loop transi-

tion matrix associated with the linear-quadratic regulator (LQR), and K\, =
(R + B;PBU)_IBJPA is the optimal LQR feedback gain. The matrix C =
—(R + BIPB,)""?B! depends solely on the plant’s state-space data, and P =
dare(A, B,, @, R) is the unique positive semidefinite solution of the discrete-time

algebraic Riccati equation (DARE) associated with the LQR problem.

The optimal finite-dimensional parameter I', € R%*% which completely character-
izes the dual solution, is determined via the following integral involving the canonical
factor L, (e’):

1 Ko

r, =—
2m ) .

(I — ™Al

Iqr

) 'AT PB,L,(e") dw. (14.10)

Iqr

As the spectral factorization M, = L,L} is unique up to a constant unitary

transformation on the right, i.e., any alternative spectral factor takes the form
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L, (") — L,(e’)U for a constant unitary matrix U, the corresponding optimal
parameter [, is likewise unique up to the same unitary transformation on the left,
ie,l', » T U.

Since the optimal solution necessarily admits the aforementioned parametric form,
it becomes viable to reformulate the dual control problem by restricting the dual
decision variable M € %" to the subclass of operators whose canonical spectral

factor L(e’) conforms to this structure. Specifically, we consider the reformulated

problem:
max V(M) —~tr ((\//\/l - I)2> :
M=LL e,
M=T,
rer% 4w
subject to, (14.11)
2
T/ T4y T () W ()T
L) L(e™)= , Yw € [—m,m)

2

where the strictly anti-causal transfer matrix ¥ (e) := C'(e ™1 —A,Tqr)*1 determined
entirely by the plant’s state-space matrices. Crucially, this reformulation renders
the infinite-dimensional problem effectively finite-dimensional, as the dual variable
M € & is fully characterized, up to a constant unitary transformation, by the
finite-dimensional parameter [ € R% > What remains to be determined is whether

this equivalent finite-dimensional reformulation can be solved efficiently.

14.2 Algorithms for Dual Problems in Constrained Form

14.3 Algorithms for General Unconstrained Setting



311
Chapter 15

FINITE-DIMENSIONAL REALIZATION

The preceding section determined that the optimal solution, denoted as N, is non-
rational and lacks a state-space representation. Nevertheless, Algorithm d]introduced
in Section [9.4] can effectively approximate it in the frequency domain. Indeed, after
convergence, the algorithm returns the optimal finite parameter, I',, which can be
used to compute N, (z) at any arbitrary frequency using Theorem[13.4.2] and thus
K, (z) (see Algorithm[d]in Section 9.E). However, a state-space controller must be

devised for any practical real-time implementation.

This section introduces an efficient method to obtain state-space controllers approx-
imating the non-rational optimal controller. Instead of directly approximating the
controller itself, our method involves an initial step of approximating the power
spectrum N, (z) of the worst-case disturbance to minimize the J# -norm of the
approximation error using positive rational functions. While problems involving
rational function approximation generally do not admit a convex formulation, we
show in Theorem [15.2.4] that approximating positive power spectra by a ratio of
positive fixed order polynomials can be cast as a convex feasibility problem. After
finding a rational approximation of N,(z), we compute a state-space controller
according to (9.16a)). For the sake of simplicity, we focus on scalar disturbances, i.e.,
d,=1.

15.1 State-Space Models from Rational Power Spectra

As established in Theorem[9.3.2] the derivation of a optimal controller K, is achieved
through the positive operator N, = £ L, using the Wiener-Hopf technique. Specifi-
cally, we have IC, = KC 4, + ATT{AKY_ LY N £ L, Since other controllers of
interest, including 7%, 77, and RO, can all be formulated this way, we focus on

obtaining approximations to positive power spectra.

It is worth noting that a positive and symmetric rational approximation N (z) of order
m € N can be represented as a ratio N (z) = P(2)/Q(z) of two positive symmetric
polynomials P(2) = py + Y1, pi(z* + %), and Q(=) = go + X4, (2" + 270)
When such P(z), Q(z) exist, we can obtain a rational spectral factorization of N (z)

by obtaining spectral factorization for P(z), and Q(z).
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Finally, we end this section by stating an exact characterization of positive trig.
polynomials. While verifying the positivity condition for general functions might
pose challenges, the convex cone of positive symmetric trigonometric polynomials,
Tn.+» POsSsess a characterization through a linear matrix inequality (LMI), as outlined

below:

Lemma 15.1.1 (Trace parametrization of .7, | [55, Thm. 2.3]). For k=[—m,m),
let ®, € R be the primitive Toeplitz matrix with ones on the k™ diagonal
and zeros everywhere else. Then, P(z) = py + Y -, (2" 4+ 2) > 0 if and only

if there exists a real positive definite matrix P € STH such that

pr =tr(PO®y), k=0,...,m. (15.1)

According to Lemmal|l5.1.1} any positive trig. polynomial of order at most m can
be expressed (non-uniquely) as P(2) = S;__ tr(P®,)z " = tr (PO(z)). Here,
O(z) = __ . O

15.2 Rational Approximation using 77_-norm

In this context, we present a novel and efficient approach for deriving rational
approximations of non-rational power spectra. Our method bears similarities to
the flexible uniform rational approximation approach described in [207]], which
approximates a function with a rational form while imposing the positivity of the
denominator of the rational form as a constraint. Our method uses .77_-norm as
criteria to address the approximation error effectively. First, consider the following

problem:

Problem 15.2.1 (Rational approximation via H,,-norm minimization). Given a
positive spectrum N, find the best rational approximation of order at most m € N

with respect to H, norm, i.e.,

inf ||P/Q—-N]| st. tr(Q)=1 (15.2)

P7Q€'ZIL,+

Note that the constraint tr(Q) =1, equivalent to g, =1, eliminates redundancy in the

problem since the fraction P/Q is scale invariant.

While the objective function in Equation (15.2)) is convex with respect to P and Q
individually, i is not jointly convex in (P, Q). In this form, Problem (15.2.1|is not

amenable to standard convex optimization tools.
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Figure 15.1: Variation of A/ with r and the performance of the W,-DR-RO controller
versus the H,, H,, and RO controller.

To circumvent this issue, we instead consider the sublevel sets of the objective
function in Equation (15.2).

Definition 15.2.2. For a given ¢ > 0 approximation bound, the e-sublevel set of
Problem [15.2.1]is defined as

Fe={(P,Q) [|P/Q-N][ <€, tr(Q)=1}.
By applying the definition of 77 -norm, we have that
IP/Q- N =max| P(2)/Q(2) — N()| < e

{P(Z) —(N(2)+€) Q(2) <
—
P(z)=(N(2)—€) Q(2) =

0,
(15.3)
0

)
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where the last set of inequalities hold for all z € T. Notice that the inequalities in
Equation (15.3)) and the positivity constraints on P, Q are jointly affine in (P, Q).
Moreover, the equation tr(Q) = 1 is an affine equality constraint. Therefore, we

have the following claim.

Lemma 15.2.3. The set ., is jointly convex in (P, Q).

Unlike its non-convex optimization counterpart in Problem [I5.2.1] a membership
oracle for the convex set .7, offers a means to obtain accurate rational approximations
for non-rational functions. According to Lemma[l5.1.1] the positive trig. polynomials
(P, Q) € .. can be parameterized by psd matrices P and Q. This allows the equality
constraint tr(Q) and the affine inequalities in (I5.3) to be expressed as Linear Matrix
Inequalities (LMIs) in terms of P and Q. The resulting theorem characterizes the

e-sublevel sets.

Theorem 15.2.4 (Feasibility of .%,). Let ¢ >0 be a given accuracy level, and m € N
is a fixed order. The trig. polynomials P and Q of order m belong to the e-sublevel
set, (P, Q) € .7, if and only if there exists P, Q € ST such that tr (Q) = 1 and
forall z €T,

1) tr (PO(2) (15.4)
2) tr (PO(2))—(N(2)—e€) tr (QO(z)) >0. (15.5)

~—
BN
=
—~
N
~—
+
g
~—
-+
=
—~
o
@
—~
N
~—
~—
A
=

The sole limitation in this approach arises from the fact that for a non-rational N (z),
the set of infinitely many inequalities in (I15.3]) cannot be precisely characterized
by a finite number of constraints, as seen in the trace parametrization of positive
polynomials. To overcome this challenge, one can address the inequalities in (15.3))
solely for a finite set of frequencies, such as Ty = {/*™" | n=0,...,N — 1}
for N > m. While this introduces an approximation, the method’s accuracy
can be enhanced arbitrarily by increasing the frequency samples. By taking this
approach, the problem of rational function approximation can be reformulated as a
convex feasibility problem involving LMIs and a finite number of affine (in)equality

constraints.

It is crucial to note that our algorithm can be used in the following two operational
modes. These modes highlight the algorithm’s adaptability for the given two use

cases.
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Figure 15.2: The control costs of different DR controllers under (a) white noise and
(b) worst disturbance for W,-DR-RO in infinite horizon, for system [AC15]. The
finite-horizon controllers are re-applied every s = 30 steps. The infinite horizon
W,-DR-RO controller achieves the lowest average cost compared to the finite-horizon
controllers.

1. Best Precision for a given degree By adjusting the parameter €, which signifies
our tolerance for deviations from M (¢’*), we can refine the approximation’s
accuracy. This method is particularly valuable when finding the best possible

polynomial representation of M (e’*) for a given degree.

2. Lowest Degree for a given precision In contrast, we can ask for the lowest
degree polynomial, which achieves a certain precision level €. This mode is
advantageous when the priority is to minimize computational overhead or when

we need a simpler polynomial approximation, as long as the approximation
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Figure 15.3: The control costs of different DR controllers under (a) worst disturbances
for W,-DR-RO in finite horizon and (b) worst disturbances for DR-LQR in finite
horizon, for system [AC15]. The finite-horizon controllers are re-applied every
s = 30 steps. Despite being designed to minimize the cost under specific disturbances,
the finite horizon DR controllers are outperformed by the infinite horizon W,-DR-
RO controller.

remains within acceptable accuracy bounds

15.3 Obtaining State-Space Controllers
Note that given the polynomial z-spectra, we require its spectral factorization to
obtain the state-space controller that approximates the W,-DR-RO controller. The

following Lemma introduces a simple way to obtain such an approximation

Lemma 15.3.1 (Canonical factor of polynomial z-spectra [199, Lem. 1]). Consider
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a Laurent polynomial of degree m, P(z) =Y _,- pszk, with p,, = p_;, € R, such
that P(z) > 0. Then, there exists a canonical factor L(z) = 1 2" such that
P(z) = |L(2)|* and L(z) has all of its root in T.

Using Lemma([15.3.1] we can compute spectral factors by factorizing the symmetric
positive polynomials and multiplying all the factors with stable roots together.

Consequently, this rational spectral factor enables the derivation of a rational
controller, denoted as K (z) (refer to Section [15.3]).

Now we present the W,-DR-RO controller in state-space form.

Lemma 15.3.2. Let L(z) be the rational factor of the spectral factorization N (z) =
L(2)*L(z)=P(2)/Q(z) of a degree m rational approximation P(z)/Q(z). The con-

troller obtained from L(z) using 0.16)), i.e., K (z) = Ky, (zHA(2) ! {{A(Z)KO(Z)}_E(Z) }+

is rational and can be realized as a state-space controller as follows:

e(t+1) = fje(t) + Céw(t)v (15.6)
u(t) = He(t) + Juw(t))

where e, is the controller state, and (ﬁ, G, H, j) are determined from (A, B,, B,,)
and L(z).

L

(=)
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