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SUMMARY

Space debris refers to defunct artificial objects in orbit and poses a major threat
to on-orbit safety. Active Debris Removal (ADR) using robotic arms offers an ef-
fective solution to capture and remove debris. After debris capture, the resulting
spacecraft can be regarded as a representative example of a system operat-
ing under uncertainty. Such uncertainty is not limited to post-capture scenarios
but is a common feature of spacecraft attitude control, where parameter varia-
tions such as inertia uncertainty and external disturbances such as solar radiation
pressure, affect system dynamics. Learning-based control approaches, particu-
larly reinforcement learning (RL), provide a promising framework for dealing with
such uncertain environments, as they can learn control behaviors without rely-
ing on explicit dynamic models. However, their performance varies across algo-
rithms and applications, and the underlying learning behavior remains difficult to
interpret. This research addresses this gap by developing visualization-based in-
terpretation methods to analyze and explain the learning dynamics of actor—critic
RL algorithms applied to spacecraft attitude control, thereby enhancing their in-
terpretability and supporting their reliable application to space systems.
Reinforcement learning (RL) algorithms often show limited generalization across
different dynamic systems. Such differences are closely related to how the critic
network learns and optimizes its loss during training. To analyze this process,
this work establishes a critic match loss landscape visualization method for on-
line actor-critic algorithms. To capture the evolution of the critic during training,
the network parameters are recorded at the end of each episode. To visualize
their high-dimensional variation in a meaningful way, Principal Component Anal-
ysis (PCA) is applied to project the parameters onto a low-dimensional subspace.
A fixed-target critic match loss is then defined using reference state samples
and the corresponding temporal-difference (TD) targets associated with a se-
lected policy, providing a consistent basis for comparison across training stages.
The loss is evaluated over the principal component plane to generate a three-
dimensional landscape and a two-dimensional contour with the training trajec-
tory overlaid, thereby illustrating the critic’s optimization behavior. To enhance
the interpretability of the visualization, quantitative landscape indices are intro-
duced to support systematic comparison across training outcomes. In addition,
random-direction projections are employed to examine the consistency of the
observed critic optimization patterns beyond a single PCA projection, reducing
reliance on a specific projection direction. The Action-Dependent Heuristic Dy-
namic Programming (ADHDP) algorithm is employed to demonstrate the method
on cart-pole and spacecraft attitude control tasks. The algorithm update process
is explicitly revealed and characterized. The comparison of loss landscapes be-
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Xii Summary

tween the two systems shows how loss geometry corresponds to training stability
and control performance, providing interpretable insights into critic optimization
dynamics in online reinforcement learning control.

To broaden its applicability beyond online learning, the critic match loss land-
scape visualization method is extended to an off-policy reinforcement learning
setting. The method is adapted to the Soft Actor-Critic (SAC) algorithm, which
serves as a representative off-policy algorithm capable of producing convergent
control results for the spacecraft attitude control problem. To accommodate the
characteristics of SAC, the visualization procedure is refined to address its twin-
critic structure, target computation, and replay-based training process. These
adjustments align the method with the SAC learning mechanism while preserving
its interpretive consistency with the online setting. Using this adapted method,
critic match loss landscapes are reconstructed for SAC training and compared
with those obtained for the online ADHDP algorithm. The resulting landscapes
are analyzed both qualitatively and quantitatively using geometric indices to-
gether with temporal landscape snapshots. Comparative experiments reveal dis-
tinct loss geometries and optimization patterns across convergent and divergent
learning cases, illustrating how different instability mechanisms correspond to
characteristic critic optimization patterns that become visible through the joint
analysis of loss geometry and optimization trajectories. These results demon-
strate that the proposed visualization framework can interpret critic learning
behavior and diagnose instability mechanisms in both online and off-policy ac-
tor—critic reinforcement learning algorithms.

Building on the previous method for visualizing critic learning behavior, this
study extends it into a comprehensive framework for analyzing both actor and
critic training processes. The framework is designed to provide a multi-perspective
view of the learning dynamics, capturing how value estimation, policy optimiza-
tion, and temporal-difference (TD) signals interact during training. It integrates
four complementary visualization components: a three-dimensional critic match
loss landscape that illustrates how the critic fits the TD targets and how the critic
parameters evolve on the loss surface during training; an actor loss landscape
that reveals the geometry and quality of the learned policy; a trajectory com-
bining time, TD error, and actor weight evolution that depicts the coupling be-
tween policy updates and value estimation; and a state-TD plot that identifies
state regions contributing to large TD fluctuations. Applied to multiple ADHDP
variants with deep learning techniques for spacecraft attitude control, the frame-
work reveals how these mechanisms reshape the optimization landscape and
affect learning stability. Through this analysis, it enhances the interpretability of
training behavior and offers insights that may inspire future algorithm design.

Together, these studies establish an interpretation framework for reinforce-
ment learning in dynamic and control problems. The framework reveals how ac-
tor—critic algorithms learn and evolve in control tasks, providing an interpretable
link between learning behavior and control performance. It deepens the un-
derstanding of internal learning mechanisms and offers diagnostic insights that
can support further development and analysis of reinforcement learning control
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methods. Future work may extend the framework toward dynamic visualiza-
tion, theoretical analysis with stability considerations, and experimental valida-
tion through integrated physical platforms.






SAMENVATTING

Ruimteafval bestaat uit niet-functionerende kunstmatige objecten in een baan
om de aarde en vormt een toenemende bedreiging voor de veiligheid van satel-
lieten en ruimtevaartuigen. Actieve verwijdering van ruimteafval (Active Debris
Removal, ADR) met behulp van robotarmen biedt een effectieve oplossing om
dit afval op te vangen en te verwijderen. Na het vangen kan het resulterende
ruimtevaartuig worden beschouwd als een representatief voorbeeld van een sys-
teem dat onder onzekerheid opereert. Dergelijke onzekerheid is niet beperkt
tot post-capture scenario’s, maar is een algemeen kenmerk van de attitudecon-
trole van ruimtevaartuigen, waarbij parametervariaties en externe verstoringen
de systeemdynamica beinvloeden. Leergebaseerde controlemethoden, en in het
bijzonder reinforcement learning (RL), bieden een veelbelovend kader om met
dergelijke onzekerheid om te gaan, doordat zij controlegedrag kunnen aanleren
zonder afhankelijk te zijn van expliciete dynamische modellen. De prestaties van
RL-algoritmen verschillen echter tussen algoritmen en toepassingen, en het on-
derliggende leerproces blijft moeilijk te interpreteren. Dit onderzoek richt zich op
dit vraagstuk door visualisatiegerichte interpretatiemethoden te ontwikkelen om
de leerdynamiek van actor—critic-RL-algoritmen te analyseren en te verklaren,
toegepast op de attitudecontrole van ruimtevaartuigen. Op deze manier wordt
de interpreteerbaarheid vergroot en wordt een betrouwbaardere toepassing van
RL in ruimtevaartsystemen ondersteund.

Reinforcement learning-algoritmen vertonen vaak beperkte generalisatie over
verschillende dynamische systemen. Deze verschillen hangen nauw samen met
de manier waarop het critic-netwerk leert en zijn verliesfunctie optimaliseert tij-
dens training. Om dit proces te analyseren wordt in dit werk een critic match loss
landscape-visualisatiemethode ontwikkeld voor online actor-critic-algoritmen. Tij-
dens de training worden de parameters van het critic-netwerk aan het einde van
elke episode opgeslagen. Om hun hoogdimensionale variatie op een betekenis-
volle manier te visualiseren, wordt Principal Component Analysis (PCA) toegepast
om de parameters te projecteren naar een laagdimensionale subruimte. Vervol-
gens wordt een vaste doelfunctie voor de critic match loss gedefinieerd op basis
van referentietoestandmonsters en de bijbehorende temporal-difference (TD)-
doelen die gekoppeld zijn aan een geselecteerd beleid, waardoor een consis-
tente basis ontstaat voor vergelijking tussen verschillende trainingsfasen. Deze
verliesfunctie wordt geévalueerd in het PCA-vlak om een driedimensionaal land-
schap en een tweedimensionale contour met de trainingstrajecten te genereren,
waarmee het optimalisatiegedrag van de critic zichtbaar wordt gemaakt. Om de
interpreteerbaarheid van de visualisatie te vergroten, worden kwantitatieve land-
schapindices geintroduceerd om systematische vergelijking tussen verschillende
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XVi Samenvatting

trainingsresultaten te ondersteunen. Daarnaast worden projecties in willekeurige
richtingen toegepast om de consistentie van de waargenomen optimalisatiepa-
tronen van de critic te onderzoeken voorbij één enkele PCA-projectie, waardoor
de afhankelijkheid van een specifieke projectierichting wordt verminderd. Het
Action-Dependent Heuristic Dynamic Programming (ADHDP)-algoritme wordt ge-
bruikt om de methode te demonstreren op zowel het kart-pendelsysteem als de
attitudecontrole van een ruimtevaartuig. Het updateproces van het algoritme
wordt hiermee expliciet zichtbaar en gekarakteriseerd. Vergelijking van de ver-
lieslandschappen tussen beide systemen laat zien hoe de geometrie van het ver-
lies samenhangt met trainingsstabiliteit en controleprestaties, en biedt interpre-
teerbare inzichten in de optimalisatiedynamiek van de critic in online reinforce-
ment learning-besturing.

Om de toepasbaarheid van de methode verder uit te breiden voorbij online
leren, is de critic match loss landscape-visualisatiemethode uitgebreid naar een
off-policy reinforcement learning-omgeving. De methode is toegepast op het Soft
Actor-Critic (SAC)-algoritme, dat fungeert als een representatief off-policy algo-
ritme dat in staat is om geconvergeerde controleresultaten te bereiken voor het
attitudecontrolesysteem van een ruimtevaartuig. Om rekening te houden met
de specifieke eigenschappen van SAC, is de visualisatieprocedure verfijnd zodat
deze de dubbele critic-structuur, de doelberekening (target computation) en het
replay-gebaseerde trainingsproces kan verwerken. Deze aanpassingen stemmen
de methode af op het leermechanisme van SAC, terwijl de interpretatieve consis-
tentie met de online toepassing behouden blijft. Met deze aangepaste methode
worden critic match loss landscapes gereconstrueerd voor SAC-training en ver-
geleken met die verkregen voor het online ADHDP-algoritme. De resulterende
landschappen worden zowel kwalitatief als kwantitatief geanalyseerd met behulp
van geometrische indices, in combinatie met temporale landscape-snapshots.
Vergelijkende experimenten tonen duidelijke verschillen in verliesgeometrie en
optimalisatiepatronen tussen geconvergeerde en divergerende leersituaties, en
laten zien hoe verschillende instabiliteitsmechanismen overeenkomen met ka-
rakteristieke critic-optimalisatiepatronen die zichtbaar worden door de gezamen-
lijke analyse van verliesgeometrie en optimalisatietrajecten. Deze resultaten to-
nen aan dat het voorgestelde visualisatiekader het leergedrag van de critic kan
interpreteren en instabiliteitsmechanismen kan diagnosticeren in zowel online
als off-policy actor—critic reinforcement learning-algoritmen.

Voortbouwend op de eerdere visualisatiemethode wordt het concept verder uit-
gebreid tot een omvattend raamwerk voor de analyse van zowel actor- als critic-
training. Het raamwerk is ontworpen om een meerperspectivisch beeld te bieden
van de leerdynamiek, waarbij de interactie tussen waardeschatting, beleidsopti-
malisatie en TD-signalen tijdens training wordt vastgelegd. Het raamwerk omvat
vier complementaire visualisatiecomponenten:een driedimensionaal critic match
loss-landschap dat laat zien hoe de critic de TD-doelen benadert en hoe de critic-
parameters zich tijdens de training over het verlieslandschap ontwikkelen; een
actor loss-landschap dat de geometrie en kwaliteit van het geleerde beleid weer-
geeft; een traject waarin tijd, TD-fout en gewichtsontwikkeling van de actor wor-



XVii

den gecombineerd om de koppeling tussen beleidsupdates en waardeschatting
te illustreren; en een toestand-TD-plot die de toestandsgebieden identificeert die
bijdragen aan grote TD-fluctuaties. Toegepast op verschillende ADHDP-varianten
die deep reinforcement learning-technieken bevatten, laat het raamwerk zien
hoe deze mechanismen het optimalisatielandschap hervormen en de leerstabili-
teit beinvloeden. Via deze analyse vergroot het raamwerk de interpreteerbaar-
heid van het leergedrag en biedt het kwalitatieve inzichten die toekomstige algo-
ritmeontwerpen kunnen inspireren.

Gezamenlijk vormen deze studies een interpretatieraamwerk voor reinforce-
ment learning in dynamische en controletoepassingen. Het raamwerk laat zien
hoe actor—critic-algoritmen leren en zich ontwikkelen in controletaken en biedt
een interpreteerbare koppeling tussen leergedrag en controleprestatie. Het ver-
diept het inzicht in interne leermechanismen en biedt diagnostische inzichten die
de verdere ontwikkeling en analyse van reinforcement learning-controlemethoden
kunnen ondersteunen. Toekomstig onderzoek kan het raamwerk verder uitbrei-
den richting dynamische visualisatie, theoretische analyse met stabiliteitsover-
wegingen en experimentele validatie via geintegreerde fysieke platforms.
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INTRODUCTION

Space debris consists of inactive human-made objects and fragments in orbit, includ-
ing defunct satellites, rocket bodies, and small mission-related items. This growing
population has long been a concern, as it increases the risk of collisions with oper-
ational and servicing spacecraft. Active Debris Removal (ADR) has been proposed
to actively remove debris from Earth orbit. Space debris is often an uncooperative
target with unknown parameters or dynamics. As a consequence, in an ADR mission
using robotic arms, the combined spacecraft after capture forms an uncertain sys-
tem. Although this description comes from the ADR scenario, the resulting combined
spacecraft represents a general class of attitude systems operating under uncer-
tainty. Conventional control methods can be applied to post-capture attitude control
of such combined spacecraft, and recent reinforcement learning algorithms also show
promising performance for control under uncertainty. However, despite these results
in dynamics and control, RL algorithms lack interpretability. Their performance and
characteristics are difficult to explain. This research focuses on interpreting RL algo-
rithms with application to post-capture attitude control of the combined spacecraft in
ADR missions. This chapter reviews ADR missions, conventional and learning-based
control methods, and existing approaches to RL interpretability. It then presents the
background and motivation, followed by the research gaps and research questions.
Finally, it outlines the dissertation and the research methodology for each chapter.



2 1. Introduction

1.1. BACKGROUND AND MOTIVATION

pace debris comprises all inactive human-made objects and fragments in or-

bit, ranging from intact satellites and rocket bodies to small mission-related
items [1]. The growth of the debris population has been a concern for decades
since it adds to the collision possibilities for operational spacecraft. As a result,
the concept of Active Debris Removal (ADR) has been proposed to remove space
debris from the Earth’s orbit actively.

Before debris can be removed, it must first be captured by an active space-
craft using robotic arms, tentacles, tethers, or other methods. In ADR missions,
the debris to be captured is commonly referred to as the target object, which is
typically non-cooperative and may tumble, fragment, or have unknown physical
properties. Among the ADR capture methods, using robotic arms is a promising
option, considering its validation and application in on-orbit servicing missions
such as JAXA's ETS-VII [2]. In an ADR mission with robotic arms, some physical
characteristics of the target could be observed or estimated before and during
target capture [3]. Once the target is captured, the robotic arms are locked. Dur-
ing post-capture phase, the attitude stabilization of the combined spacecraft is
achieved. The attitude stabilization control is a prerequisite for subsequent tasks,
such as on-orbit servicing with robotic arms.

Although these descriptions arise from the ADR mission scenario, the combined
spacecraft after capture can be viewed as a representative example of a com-
bined spacecraft attitude system operating under uncertainty. Such uncertainty
includes parameter variations, target-induced inertia changes, and external dis-
turbances, and is not limited to ADR post-capture conditions. Similar forms of
uncertainty commonly appear in spacecraft attitude control problems more gen-
erally.

The post-capture attitude control of the combined spacecraft can be achieved
with conventional control methods, as well as reinforcement learning (RL) algo-
rithms, which has been a research focus in recent years. These algorithms have
demonstrated impressive performance in areas such as robotics, game playing,
navigation, control, and decision-making. In ADR using robotic arms, the system
to be controlled becomes a new combined spacecraft with uncertainties due to
the uncooperative target capture, which is also a scenario where reinforcement
learning algorithms can be applied [4].

However, despite the progress made in reinforcement learning control, its per-
formance can vary across algorithms and applications. Since RL algorithms are
commonly trained on a specific static environment, they may work well for one
system yet fail to generalize to another [5]. Understanding why performance dif-
fers and how the learning process behaves is therefore important. Interpretation
of reinforcement learning algorithms is useful for analyzing their internal mecha-
nisms, identifying instability or poor generalization, and improving their reliability
when applied to uncertain spacecraft dynamics.

This research focuses on interpreting reinforcement learning algorithms for
a generalized combined spacecraft attitude control model, with the ADR post-
capture phase serving as a representative scenario.
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1.2. LITERATURE REVIEW

This section provides a literature review on relevant topics about combined space-
craft control. It starts with the overview of the ADR mission, which briefly intro-
duces the mission and analyzes the dynamic characteristics for the combined
spacecraft in this specific scenario. Based on that, the dynamic system is gener-
alized to a broader class of attitude systems with similar dynamic characteristics.
It follows by the review of conventional control methods for attitude system with
uncertainties. After that, learning-based control methods for control of uncer-
tain system are reviewed . Finally, review on the interpretation of learning-based
methods is given.

Active Debris Removal is increasingly recognised as a necessary complement
to mitigation and design for removal measures as traffic in Low Earth Orbit (LEO)
grows. Key capabilities have been demonstrated in flight. For example, the Re-
moveDEBRIS mission, led by the Surrey Space Centre, tested several in-orbit
capture technologies, including net capture, a vision-based navigation experi-
ment, and a harpoon. These tests provided early proof of concept for active
debris removal techniques [6]. Astroscale’s ELSA-d mission demonstrated con-
trolled rendezvous and proximity operations with magnetic docking and repeated
capture and release of a client spacecraft, which marked an important step for
commercial end of life servicing [7]. In Europe, ClearSpace 1 is planned to deorbit
the PROBA 1 satellite using a four armed capture mechanism [8]. ClearSpace 1 is
regarded as the successor to ESA’'s e.Deorbit concept[9], which was initiated un-
der the Clean Space activities. The stated objective of e.Deorbit was to remove
a single large ESA owned debris object from LEO, and is often cited as the first
active removal mission studied within ESA [9]. ENVISAT was used as a sizing case
for a potential removal target [10]. Figure 1.1 provides an overview of the six use
cases of this mission.

Targets are typically uncooperative, which means that the states and attributes
of the targets are unknown. The dynamic characteristic of the combined space-
craft formed by space manipulator capturing uncooperative targets could be di-

4. Rendezvous 5. Capture target
with target
Target orbit /B )
(760 kmy T2 T TNy T 6. De-orbit target
Option 1: net \ S i )

3. Transfer to Option 2: robotarm .+ " . Perigee lowering
target orbit burns (1 to 5)
Initial orbit | 2. Perform LEOP and ' “~\_Final de-orbit burn

\ Re-Entry over
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@1. Launch into space )

Figure 1.1: e. Deorbit use cases [9]
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vided into the following two categories based on whether there is docking inter-
face between the target and the operational spaecraft[11], as shown in Table 1.1.

Table 1.1: Uncooperative levels of targets [11]

Docking interface | Characteristics Examples
Existent Dockable & unpredictable Inactive satellites
Non-existent Non-dockable Fragmentation

For the first category, the newly formed combined spacecraft could ideally be
treated as a single rigid spacecraft with unknown inertia parameters. When there
is docking interface between the space manipulator and the target, the latching
end-effector can ensure a rigid connection between the target and end-effector.
Once the target is captured, the robotic arms are locked. Then there is no relative
motion between the target and the operational spacecraft or time-varying inertia
parameters in the combined spacecraft. Then the combined spacecraft can be
regarded as a single rigid spacecraft with unknown inertia parameters if both
bodies have no internal slosh or flexibility.

For the second category, the new formed combined spacecraft could be treated
as a multibody spacecraft system with unknown time-varying inertia.Since there
is no docking interface between the space manipulator and the target, the end-
effector configuration does not achieve force closure. Thus, possible relative
sliding motion may occur between the target and end-effector if the friction coef-
ficientis low [2]. Moreover, if the target itself is a multibody system, the resulting
combined spacecraft will become an even more complex system with highly un-
certain dynamics, which significantly complicates controller design.

The dynamic characteristics of the combined spacecraft in the ADR mission
have been analyzed. Based on the level of system uncertainty, the problem is
further generalized into a broader class of uncertain systems. As shown in Fig-
ure 1.2, the figure summarizes the overall structure of this literature review, in-
cluding sections organized by uncertainty levels as well as learning-based control
and interpretation.

1.2.1. CONVENTIONAL ATTITUDE CONTROL METHODS OF COMBINED
SPACECRAFT

In this part, literature review on using conventional control methods for attitude

control of combined spacecraft is given. It starts with the lowest level of sys-

tem uncertainty, which is the parameter uncertainty. And conventional control

methods for system with uncertain dynamics are reviewed after that.

PARAMETER-BASED CONTROL METHODS UNDER UNKNOWN PARAMETERS
In the ADR scenario, after the target is captured, the service spacecraft changes

its configuration and dynamic parameters, such as the shifted center of mass,
due to the influence of the target spacecraft. Effectively dealing with the impact
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Parameter-based Control Methods
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Figure 1.2: Structure of literature review

of target capture is the key to controlling the combined spacecraft. There are
two main types of common control methods: 1) Treat the impact of the target on
the combination as disturbance, and directly design a robust adaptive attitude
control algorithm. 2) First identify the target quality characteristics, and then de-
sign the controller based on the identification results, which is similar to attitude
stabilization control with cooperative targets yet taking parameter uncertainties
into consideration.

For takeover control, representative studies include adaptive fault tolerant laws
under actuator faults [12, 13], state dependent Riccati equation based optimal
and sub optimal control [14], robust nonlinear tracking with bounded disturbances
and input to state stability properties [15], sliding mode designs such as dual in-
tegral schemes with reaction wheel reconfiguration and nested inner and outer
loops [16, 171, modelling with extra degrees of freedom at the contact and first
order sliding mode control to reduce the associated velocities [12], strategies for
actuator failure and saturation including using the manipulator to provide addi-
tional torque [18], and command filtering adaptive backstepping for targets with
partial failure [19]. These control methods form the main control methods for
takeover control.

INERTIA-FREE CONTROL METHODS UNDER UNKNOWN PARAMETERS

Although controller design based on explicit parameter identification can be used
to address unknown inertial parameters when capturing uncooperative targets,
such approaches rely on estimating the system inertia through identification or
estimation algorithms. In practice, the accuracy of the estimated parameters
may be affected by modeling errors, measurement noise, and structural un-




6 1. Introduction

certainties, particularly in capture and post-capture scenarios where the inertia
properties may change significantly. Consequently, control methods that do not
rely explicitly on knowledge of the inertial parameters have attracted increasing
attention in recent years, which will be discussed in this subsection.

Adaptive methods have been widely used to address parametric uncertainty,
where adaptive laws are designed to update controller parameters online to com-
pensate for unknown parameters [20]. In contrast to explicit parameter identi-
fication approaches, adaptive control integrates parameter estimation into the
control law itself and adjusts the controller parameters directly according to sys-
tem responses. These considerations motivate a closer look at how adaptive
methods have been applied in combined spacecraft attitude stabilization.

Considering the scenario of capture and post-capture combined spacecraft at-
titude stabilization, a number of studies have been carried out in recent years.
In [21], a nonlinear direct adaptive output control method was proposed to ad-
dress the large inertia uncertainty introduced by the space station manipulator
arm during target capture. The control law was derived from the simple adaptive
control framework. In [19], taking system uncertainty into account, an improved
dynamic inversion control law was designed with the aim of enabling thrust re-
allocation. In [22], a two-step control scheme for the attitude control of a multi-
body spacecraft system was developed. First, the actual system was estimated
and a nominal controller was designed based on the estimated model. Then an
additional term was included to compensate for the deviation between the actual
and estimated systems. This controller can handle the multi-body attitude control
problem with unknown parameters, but it requires known bounds on the param-
eter estimates. In [23], a robust inertia-free attitude takeover control method for
the post-capture configuration was proposed, considering unmeasured states,
unknown inertia characteristics, and external disturbances. This method does
not rely on parameter identification, neural networks, or fuzzy approximation,
which simplifies the control design.

If the relative motion between the service spacecraft and target is neglected,
the combined spacecraft could be regarded as a single rigid spacecraft with un-
known parameters. The inertia-free attitude stabilization control for single rigid
spacecraft will be discussed. In [24], an indirect robust fault-tolerant controller
that could simultaneously handle external interference and the unknown time-
varying moment of inertia of the spacecraft was proposed, which would not
demand substantial on-board computing resources. In [25]and [26], a class of
adaptive nonlinear attitude controllers was designed. These controllers also pre-
vented the unwinding phenomenon, a well-known issue in quaternion-based con-
trol where the controller unnecessarily rotates the spacecraft through a long path
despite a shorter rotation being available. In [27] and [28], a continuous feed-
back controller was designed for a large number of spacecrafts, considering the
unknown rotational inertia, and its approximate global stability characteristics
were analysed. In [29], robust output feedback attitude stabilisation was studied
for an uncertain spacecraft system subject to external disturbances, parameter
uncertainty, unknown inertia, gain perturbations, measurement errors, and input
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saturation. The design ensures the H,, performance, i.e., the worst-case gain
from the lumped disturbance and measurement error to the output, remains be-
low a prescribed attenuation level while maintaining bounded control input. Exis-
tence conditions are derived as linear matrix inequalities using Lyapunov theory.

SPACECRAFT ATTITUDE CONTROL UNDER UNCERTAIN DYNAMICS

For spacecraft attitude control under uncertain dynamics, it can be catogorized
into model-based or model-free control methods. Many model-based control
methods have been proposed to improve the closed-loop performance, such as
slide mode control methods [30], finite-time control methods [31], backstepping
control methods [32], and adaptive control methods [20]. These methods indeed
address the attitude control problem under modelling errors, unmodeled dynam-
ics, and external disturbances.

These model-based control methods usually require knowledge of the models
and parameters of spacecraft, which makes a closed-loop system to be sensitive
to model errors or parameter variations. Considering the post-capture attitude
control for combined spacecraft, the dynamic models for traditional rigid space-
craft or spacecraft with flexible appendages can be established mathematically.
However, it is difficult to establish a mathematical model for the combined space-
craft which contain relative motions. For example, if the target does not have
a docking interface, as shown in Table 1.1, it's hard to derive the precise dy-
namic model for the combined spacecraft. Therefore, it is necessary to develop
a model-free method.

The traditional proportional-integral-derivative (PID) control method exhibits a
classical idea for model-free control, which is a linear combination of the present,
accumulative and predictive forms of tracking error to construct the control input.
Because of its simplicity, the PID control method is widely applied in many fields,
including industrial process control, robotics, manufacturing automation, and
flight control systems. However, conventional PID control may suffer from lim-
ited performance when dealing with complex nonlinear systems, time-varying dy-
namics, or significant uncertainties. To improve the reliability of the PID method,
a variety of intelligent PID methods have been proposed, such as fuzzy PID con-
trol and heuristic PID control [33, 34].

Prescribed performance control (PPC) introduces a model-free perspective [35].
It specifies the desired transient and steady-state behaviour by imposing perfor-
mance functions on system states or errors. In the attitude control of combined
spacecraft, PPC can be effective even without an explicit dynamics model or dis-
turbance information, and it can be applied to both rigid and flexible systems
[36]. The specific forms of PPC vary depending on the controller design, and
adaptive variants often employ neural networks, fuzzy systems, or support vec-
tor machines to approximate unknown dynamics online [37-40]. Despite their
strong performance, such identification and adaptation mechanisms may require
substantial computational effort.

With the continuous development of new technologies, especially information
technology and computer technology, a large amount of data has been accumu-
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lated in industrial production processes. This provides the necessary precondi-
tions for the emergence and development of data-driven or data-dependent con-
trol. In simple terms, data-driven control refers to controller design that does not
require an explicit system model but relies solely on online or offline input-output
data of the plant, while still ensuring convergence and stability [41].

Several studies have applied data-based methods to attitude stabilization con-
trol. Typical data-based approaches include policy iteration and PLE-based schemes,
where PLE (Policy Linear Equation) methods estimate the value function or con-
trol gain by solving linear equations constructed directly from data rather than
from a known model. Jiang et al. [42] presented a computational policy-iteration
approach for continuous-time linear systems with unknown dynamics. Their method
solves the algebraic Riccati equation online using state and input data, and a
practical implementation was demonstrated on a turbocharged diesel engine.
Jiang et al. [43] proposed an iterative PLE method with an initial stabilizing gain
for attitude systems, proved closed-loop stability and convergence, and devel-
oped a data-driven controller using only input and state measurements.

Conventional control methods have long been used for spacecraft attitude sys-
tems with uncertainty and can provide reliable performance with clear stabil-
ity guarantees. However, their effectiveness often depends on having accurate
models, known bounds on uncertainties, or parameters that can be well char-
acterized. In practical situations, these conditions are not always easy to meet,
especially when the spacecraft operates in complex or changing environments.
When the system becomes strongly nonlinear, contains large or rapidly varying
uncertainties, or involves unknown interactions such as those in the capture and
post-capture combined spacecraft dynamics, model-based designs may be diffi-
cult to apply or may lead to conservative controllers. These challenges motivate
the use of learning-based control methods, which aim to make use of data to han-
dle complex or partially known dynamics and offer a more flexible option in such
scenarios. Learning-based approaches may also reduce the reliance on detailed
modelling and allow the controller to adjust its behaviour as new information be-
comes available.

1.2.2. LEARNING-BASED CONTROL METHODS OF COMBINED SPACECRAFT

Learning-based control methods have been increasingly explored as an alterna-
tive to conventional control methods designs. These approaches make use of
data to improve control performance when system models are incomplete or dif-
ficult to obtain. In spacecraft attitude control, various learning-based methods
have been developed to address complex dynamics and uncertainties.
Learning-based methods have been applied to attitude stabilization of com-
bined spacecraft with unknown dynamics. In [44], a terminal sliding mode con-
troller with a Chebyshev neural network was proposed to achieve finite time sta-
bilization under unknown inertia. In [45], a learning-based adaptive takeover con-
troller was developed for unknown inertia and external disturbances: a static pre-
scribed performance controller guarantees uniformly ultimately bounded track-
ing errors, and an adaptive dynamic programming based supplement improves
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robustness and adaptation using only input and output data, without inertia iden-
tification. In [46], a quasi model-free scheme was presented that builds an on-
line excitation response mapping database and introduces a virtual coordinate
system to compute the time varying centroid. A linear online corrector reduces
tracking errors and enables high precision control under adverse conditions.

Reinforcement learning is a promising way to deal with “unknowns.” In machine
learning, common categories include supervised learning, unsupervised learning,
and reinforcement learning. Supervised and unsupervised learning rely on fixed
datasets, whereas reinforcement learning modifies actions through interaction
with the environment. In RL, an actor or agent interacts with its environment
and adjusts its actions, or control policies, based on the stimulus or feedback
received in response to those actions [47]. The central idea is that successful
control decisions should be reinforced so that they become more likely to be
used again. Although this idea originates from experimental animal learning,
RL is theoretically closely related to direct and indirect adaptive optimal control
methods.

Dynamic programming (DP) is a classical and powerful tool for solving optimal
control problems. Nevertheless, DP is typically implemented offline and becomes
increasingly difficult to apply when the system dimension grows, due to the well-
known curse of dimensionality [48]. To enable the usage of DP forward in time,
the adaptive dynamic programming (ADP) framework was developed. ADP com-
bines reinforcement learning (RL) ideas with the actor—critic (AC) structure [49]
and has therefore received substantial attention over the past decades. In this
framework, an additional excitation signal is introduced so that the controller can
interact with the unknown environment. Using the available measurable data,
the cost function is updated and optimized, producing control actions that ap-
proximate the optimal solution and achieve the desired system performance.
Due to its advantages in solving optimization problems, the ADP method has re-
ceived extensive attention in the past ten years, such as the water gas transition
reaction control [50], power system control, etc. [51]. In the learning algorithm of
ADP, two methods of policy iteration and value iteration are usually used to real-
ize the optimization process. For policy iteration, the ADP learning process must
start with a stable initial allowable control policy, otherwise the learning process
will diverge. For value iteration, although the shortcomings of policy iteration are
overcome, the stability of the value iteration process is difficult to ensure stability
during the entire learning process [52, 53].

For on-orbit tasks such as post-capture attitude stabilization of a combined
spacecraft or coordinated control of spacecraft formations, high-quality control
typically relies on continuous interaction and feedback between the system and
its environment. This closed-loop process is conceptually similar to the learning
mechanism in ADP. Therefore, ADP methods have attracted interest and have
been explored in previous studies. However, their application to such systems
still requires careful consideration due to the nonlinear dynamics, uncertainties,
and strict stability requirements of spacecraft control.

The actor-critic architecture, sometimes referred to as the adaptive-critic frame-
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work, is widely employed to implement generalized policy iteration in reinforce-
ment learning [54]. In this approach, the actor network is used for generating
control policies, while the critic network evaluates the expected cost-to-go. Actor
networks can be trained in different ways, such as directly minimizing the esti-
mated cost-to-go provided by the critic or by reducing the temporal-difference
(Bellman) error, which measures the difference between the current estimated
value of critic and the value predicted by the Bellman equation. The critic, in turn,
can be updated using temporal difference methods or gradient-based techniques
[55]. Together, the actor and critic work iteratively to improve policy performance
and approximate optimal decision-making for discrete-time Markov decision pro-
cesses.

Actor critic methods such as deterministic policy gradients[56], twin delayed
variants[57], soft actor critic[58], and proximal policy optimisation[59] are com-
monly used because they handle continuous actions and allow direct tuning of
performance objectives. Learning-based controllers have been reported to track
large angle slews, tolerate unknown or varying inertia, and operate with limited
model information. Hybrid designs are frequent, where reinforcement learning
augments a baseline controller, an extended state observer, or an adaptive ele-
ment to improve disturbance rejection and reduce modelling effort[60].

Methodological trends include the use of curriculum learning, domain randomi-
sation, and demonstration data to improve sample efficiency and robustness,
together with explicit constraint handling through barrier functions, safety filters,
or integration with model predictive control. Attention has also turned to diag-
nostic and interpretive tools that relate value function quality, temporal differ-
ence behaviour, and weight space evolution to closed loop performance, which
is important for high risk missions [61]. Open challenges remain in safety as-
surance, data efficiency under realistic sensor and actuator limits, and reliability
when dynamics change during operations such as post capture assembly. These
concerns motivate research on reproducible evaluation, principled interpretation,
and design guidance that connects learning signals to controller choices in space
applications.

For on-orbit reconfiguration, where a spacecraft adjusts its configuration or op-
erational state to meet new mission requirements under multiple constraints, a
dual-objective adaptive dynamic programming scheme trains mission and en-
ergy networks with Q-learning to approximate the Hamilton-Jacobi-Bellman so-
lution and balance mission reward with control cost [62]. Output-feedback de-
signs combine an extended state observer with a proportional-derivative base-
line and an ADHDP (Action-Dependent Heuristic Dynamic Programming) supple-
ment, where ADHDP uses both actor and critic networks to evaluate and improve
control actions, to enhance tracking under uncertainties [63]. Finite-horizon op-
timal control for linear time-varying discrete-time systems has been addressed
with data-driven policy iteration and value iteration that learn optimal controllers
from input and state data without a model [64]. Switched attitude control with
four thrusters formulates the system dynamics as a set of subsystems, uses dy-
namic programming to select the optimal switching strategy, and employs a
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neural-network-based cost approximation trained offline [65]. Deep reinforce-
ment learning, a class of RL methods that employ deep neural networks to ap-
proximate policies or value functions, has produced adaptive controllers that
achieve large-angle slews, transfer across spacecraft, and tolerate disturbances
unseen in training [66], while proximal policy optimisation with curriculum learn-
ing improves robustness under unknown inertia [67]. Incremental approximate
dynamic programming combined with nonlinear control has been used to realise
adaptive nonlinear tracking while reducing the rapid growth of computational
effort that arises as state dimension increases [68]. In addition, deep reinforce-
ment learning has been applied to six-degree-of-freedom powered descent and
landing with proximal policy optimisation, yielding accurate and fuel-efficient tra-
jectories [69], and to proximity-operations guidance where feedback policies are
learned for constrained relative motion [70].

Learning-based control methods provide a way to handle cases where the sys-
tem dynamics are complicated or not fully known, and they have shown good
potential in spacecraft attitude control. At the same time, their behaviour can
depend on training data, network structure, and the internal learning process,
making it difficult to understand why a controller performs well in some situations
but not in others. To better analyse these methods, it is useful to have tools that
can show how reinforcement learning algorithms update during training. This
motivates the study of RL interpretation in the next section.

1.2.3. INTERPRETATION OF REINFORCEMENT LEARNING ALGORITHMS

Among the learning-based methods in subsection 1.2.2, reinforcement learn-
ing learning has become a key approach for continuous control in robotics and
aerospace, due to its ability to learn policies directly from interactions with the
environment. Nevertheless, RL policies are often fragile and difficult to inter-
pret agents trained in narrowly defined settings may fail to generalize when dy-
namics, noise, or other conditions change, a situation frequently encountered in
real-world control tasks. Empirical studies have demonstrated that even small
variations in environmental conditions or system parameters can lead to signifi-
cant performance degradation, emphasizing the need to understand not only the
behavior of RL policies, but also the mechanisms through which they learn and
the reasons they fail under uncertainty [5, 71].

Interpretation for RL in control can be categorized into three categories. The
first and most active in continuous control is visualization-based interpretation,
which examines the geometry of optimization and the trajectories taken during
training. Drawing from deep-learning work on loss-landscape geometry, [72] in-
troduced filter-normalized visualizations that relate minima sharpness and cur-
vature to generalization. This idea has catalyzed analogous tools for RL. In RL
specifically, reward and return landscapes expose how small policy perturbations
map to expected return, revealing “cliffs” and noisy neighborhoods that correlate
with instability and divergence during training [73, 74]. These views help explain
why two runs of the same algorithm can exhibit markedly different outcomes
and how stepping directions can move a policy into fragile regions of parameter
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space. A complementary line analyzes how action representations reshape the
underlying optimization surface and, in turn, learning dynamics in policy-gradient
methods. The relationship between representation choices and observable differ-
ences in landscape complexity and convergence behavior has been investigated
in [75]. Together, these visualization studies agree with the observation that the
“loss landscape" or "return landscape" is a useful index for peering into internal
training processes and diagnosing sensitivity in actor-critic control.

The second category focuses on policy extraction and simplification to yield
globally interpretable, verifiable controllers. Decision-tree policies compress high-
performing neural policies into structured trees that can be analyzed and for-
mally checked, offering an interpretable surrogate for deployment or auditing
[76]. Such methods clarify the underlying decision structure and support safety
reasoning, but they may not scale well to high-dimensional continuous observa-
tions and can inherit limitations from the original neural policy.

The third category uses explanatory and attribution techniques to provide lo-
cal, human-readable accounts of behaviour. Natural-language rationales can in-
crease transparency of robot controllers by describing policy choices in context
[77]. Saliency-style visual explanations highlight which parts of the observation
influence actions and how attention shifts over learning [78]. These methods help
users detect spurious correlations or over-reliance on specific cues, though they
are typically post-hoc and do not directly expose learning dynamics or stability
properties.

In summary, visualization-based interpretation methods allow a straightfor-
ward understanding of the RL algorithms in control. The interpretation for RL
control has evolved from treating policies as black boxes to developing tools that
connect optimization geometry with robustness. There are two problems that
needs attention. Generalization beyond the training environment is fragile, so in-
terpretation should focus on pre-mission verification and validation; Optimization
geometry which is reflected in the structure of loss and return surfaces, as well
as in simple projections, is a helpful sign to show stability or instability. For safety
critical control applications, including robotics and spacecraft attitude control, a
practical approach is to combine visualization tools that reveal training dynam-
ics, e.g., loss landscapes and parameter trajectories, with both global and local
explanations, thereby generating insights into policy stability, sensitivity, and
potential failure modes under uncertain dynamics.

1.3. RESEARCH GAPS AND RESEARCH QUESTIONS
From the literature review, three research gaps can be identified.

Gap 1: Lack of interpretability methods tailored to RL in dynamic and
control settings

RL algorithms, particularly those applied to continuous control systems, re-
main largely opaque. Existing interpretability methods are either developed
for classification tasks or offer limited insight into the training behaviour of
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actor-critic structures under dynamic conditions. There is a need for tools
that can reveal how learning unfolds during training.

Gap 2: Absence of a generalizable framework for interpreting RL
algorithm behaviour

While some interpretability techniques have been proposed, they tend to be
algorithm-specific or lack a unified structure for cross-comparison. There is
currently no standardized framework that enables the systematic visual-
ization and comparison of RL learning dynamics across different algorithm
variants and training setups.

Gap 3: Limited application of interpretability methods in spacecraft
attitude control

In space applications such as post-capture attitude control, RL methods are
increasingly used to handle nonlinear dynamics and real-time adaptation.
However, existing work primarily focuses on performance metrics, with lim-
ited effort toward interpreting the learning process itself. Few studies have
explored how interpretability tools can provide insight into the learning be-
haviour of RL algorithms in this domain. Furthermore, most existing ap-
proaches emphasize system-level behaviour, rather than algorithm-level
learning characteristics, which are the focus of this thesis.

Based on the literature review and the identified research gaps, the following
research questions are formulated.

RQ1. How can the performance of RL control algorithms be interpreted in systems
with uncertainty?

a. How can an interpretation method be established to analyze the perfor-
mance of online RL algorithms? (Chapter 2)

b. How can the interpretation method be applied to off-policy RL algorithms?
(Chapter 3)

RQ2. How can the method identified in RQ1 be extended into a practical frame-
work and applied to spacecraft attitude control? (Chapter 4)

a. Building on RQ1, how can the interpretation method be extended into a
cohesive visualization framework?

b. How can this framework explain performance differences among ADHDP
algorithm variants?

1.4. METHODOLOGY AND THESIS OUTLINE

The thesis follows a logical progression consisting of three stages: method es-
tablishment, method adaptation, and framework generalization. The research
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questions are addressed across three main chapters. Chapter 2 addresses Re-
search Question 1.a by establishing an interpretation method for online reinforce-
ment learning control. Chapter 3 completes Research Question 1 by adapting the
method to an off-policy reinforcement learning algorithm, thereby addressing Re-
search Question 1.b. Chapter 4 addresses Research Question 2 by extending the
method into a reproducible interpretation framework and applying it to explain
performance differences among variants of an online reinforcement learning con-
troller for spacecraft attitude control.

Chapter 1 introduces the research background, motivation, and questions, out-
lining the need for interpretable reinforcement learning control in uncertain space-
craft attitude systems. Chapter 5 concludes the thesis by summarizing the main
contributions and suggesting directions for further work.

Chapter 2 establishes the visualization-based interpretation method that an-
swers Research Question l.a. A critic match loss landscape approach is de-
veloped to analyze the learning dynamics of actor—critic algorithms during on-
line control. The method reveals how the critic’s optimization behavior corre-
sponds to learning stability and control performance, using the Action-Dependent
Heuristic Dynamic Programming (ADHDP) algorithm as a representative example.
Chapter 3 extends the method to address Research Question 1b by adapting it
to an off-policy reinforcement learning context. The Soft Actor-Critic (SAC) al-
gorithm is adopted as a convergent off-policy framework for spacecraft attitude
control. This chapter demonstrates how the method can be aligned with different
learning mechanisms, showing its interpretive consistency across online and off-
policy actor—critic paradigms. Chapter 4 addresses Research Question 2 by ex-
panding the method into a comprehensive interpretation framework. The frame-
work integrates multiple complementary visualization perspectives to jointly an-
alyze actor and critic training behavior. Applied to several ADHDP variants in-
corporating deep reinforcement learning techniques such as loss shaping, target
updates, and training stabilizers, it qualitatively reveals how these mechanisms
influence optimization geometry and learning stability. The framework thereby
enhances the interpretability of reinforcement learning training processes and
provides qualitative insights that may inform future algorithm design.

Together, these chapters form a coherent methodology, which first establishes
the interpretation method, then extends it across learning settings, and finally
integrates it into a unified framework for interpreting reinforcement learning in
dynamic and control problems.
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VISUALIZING CRITIC MATCH LOSs
LANDSCAPES FOR INTERPRETATION OF
ONLINE REINFORCEMENT LEARNING
CONTROL ALGORITHMS

Reinforcement learning has proven its power on various occasions. Howeuver,
its performance is not always guaranteed when system dynamics change and
often relies on users’ empirical experience. For reinforcement learning algorithms
with an actor-critic structure, the critic neural network reflects the approximation
and optimization process in the RL algorithm. Analyzing the critic network
performance helps understand the algorithmic mechanism. To support systematic
interpretation of such algorithms in dynamic control problems, this work proposes a
critic match loss landscape visualization method for online reinforcement learning.
The method constructs a loss landscape by projecting recorded critic parameter
trajectories onto a low-dimensional linear subspace. The critic match loss is
evaluated over the projected parameter grid using fixed reference state samples
and temporal-difference targets, yielding a three-dimensional loss surface and
a two-dimensional optimization path characterizing critic learning behavior. To
extend analysis beyond visual inspection, quantitative landscape indices and a
normalized system performance index are introduced for comparison across different
training outcomes. The approach is demonstrated using the Action-Dependent
Heuristic Dynamic Programming algorithm on cart-pole and spacecraft attitude
control tasks. Comparative analyses across projection methods and training
stages reveal landscape characteristics associated with stable convergence and
unstable learning. The proposed framework enables qualitative and quantitative
interpretation of critic optimization behavior in online reinforcement learning.

This chapter is based on the revised manuscript: J. Liu, J. Guo, and E. Gill, “Visualizing Critic
Match Loss Landscapes for Interpretation of Online Reinforcement Learning Control Algorithms,”
submitted to Acta Astronautica, DOIl: https://doi.org/10.48550/arXiv.2603.14535.
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2.1. INTRODUCTION

Reinforcement learning algorithms have been a research hot spot in recent
years. These algorithms have demonstrated impressive performance in
areas such as robotics [1], game playing [2], navigation and control [3], and
decision-making tasks [4].

For system control with uncertainties, reinforcement learning methods have
also been widely applied [5]. For example, in Active Debris Removal (ADR) using
robotic arms, the system becomes a new combined spacecraft system with
uncertainties due to the uncooperative target capture. For combined spacecraft
with system uncertainties, several works have been using reinforcement
learning methods [6-8], which rely on the sampled data during the control
process, rather than on model information.

In some control scenarios, the environment changes constantly. For example,
in the above-mentioned ADR scenario, the combined spacecraft system can be
an uncertain system with an unknown moving appendage, which causes the
system dynamics to constantly change. As a result, a real-time RL agent that
interacts with the environment is needed. This is where online reinforcement
learning is applied. For example, the Adaptive Dynamic Programming (ADP)
method is originally a method based on optimal control. With the actor-critic
(AC) architecture, it can be regarded as one kind of online reinforcement
learning method. Action-Dependent Heuristic Dynamic Programming (ADHDP),
or Q learning, was introduced as a supplementary controller to guarantee a
proper dynamic performance [9]. ADHDP is also used as the sole controller in
the post-capture scenario with unknown system parameters [10].

Despite the successful applications of reinforcement learning control
mentioned above, there are also possibilities that reinforcement learning
algorithms do not perform as expected. Since RL algorithms are commonly
trained on a specific fixed environment, it may work for one system, yet it fails
to generalize to another [11]. In the extreme condition, when a single system
parameter changes, a well-tuned RL algorithm may fail to work [12]. Therefore,
the interpretation of the algorithm’s performance is important for understanding
the mechanism of the algorithm and for improving the performance of the
algorithm.

The interpretation of the reinforcement learning algorithm largely relies
on visualization techniques. Visualization of learning processes and control
performance is one aspect for interpretation of RL algorithms. In many
learning-based control studies, classical visualization techniques are adopted,
such as learning curves, parameter evolution, and system performance
trajectories, to illustrate convergence behavior and control effectiveness [13,
14]. To further support the interpretation of reinforcement learning behavior,
visualization techniques have been developed to examine loss functions
and optimization landscapes. Using visualization methods based on "filter
normalization", the structure of neural loss functions is explored and the effect
of loss landscapes on generalization [15]. The filter-normalized method is
further used to visualize reward surfaces for popular reinforcement learning
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environments [16]. By mapping between a policy and return, the return
landscape is generated, which can navigate away from noisy neighborhoods
and thus improve policy robustness [17]. The characteristics of the actor
loss function are studied by visualizing the loss functions [18]. By visualizing
the optimization surface of the Reacher and Walker-walk task implemented
by Proximal Policy Optimization (PPO), the action representation’s significant
influence on the learning performance is demonstrated [19].

The above-mentioned works mainly use visualization techniques to explore
reward landscapes and actor loss landscapes, and interpret algorithm
performance from the perspectives of policy outcome or actor optimization.
Reward surfaces describe how changes in policy parameters affect cumulative
return, while actor loss landscapes reflect characteristics of policy update
mechanisms. However, these visualizations do not directly reveal how the
critic module in the actor—critic structure is optimized, nor do they visualize
the geometry of the critic module. In the actor-critic structure, the critic
module is applied to approximate the value function or cost function, and its
approximation accuracy significantly influences or even governs the learning
stability of the algorithm. Visualizing the critic behavior, therefore, helps
to reveal the learning mechanism of the critic module and provides useful
information for the interpretation of reinforcement learning algorithms.

In reinforcement learning with an actor—critic structure, the critic network
is trained by minimizing the temporal-difference (TD) error step by step, and
the approximation process is carried out through parameter updates. The
approximation accuracy of the critic largely impacts the convergence behavior
of the algorithm. The training of a critic network is a process to minimize
the cost by updating the weights, i.e., the parameters used for approximation.
During online training, both the TD target and the state distribution evolve
as the policy changes, which makes the TD objective inherently moving
and difficult to visualize as a single and well-defined surface. To enable
interpretation of critic learning behavior under such conditions, we construct a
critic match loss derived from the TD error by fixing the reference data and
targets associated with a given policy. Since the TD error is the training signal
that directly drives the critic parameter updates, the resulting critic match loss
provides a meaningful representation of critic learning behavior that can be
visualized as a well-defined loss landscape, which allows the critic optimization
process to be interpreted from a geometric perspective.

In this work, we visualize the performance of the critic neural network for
online reinforcement learning by constructing a critic match loss landscape.
The critic weight parameters at the end of each training episode are recorded
to keep track of the optimization path of critic weight during training. The
corresponding state data and temporal-difference targets associated with
selected policy references are used to reconstruct the critic match loss
landscape over candidate weight parameters. These parameters are projected
onto a principal component plane based on the optimization path of critic
weight. Using the method above, the derived 3-D loss landscape and 2-D loss
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path can qualitatively reveal the training evolution and expose local geometry
under a given policy reference. It can also help to explain why a single RL
algorithm converges in one system yet diverges in another.

The remainder of this paper is organized as follows. In Section 2, the
critic loss landscape visualization method for online RL is introduced. The
ADHDP algorithm is presented as a sample algorithm for the visualization
technique. The quantitative indices for analyzing the loss landscape and
system performance are given. In Section 3, using the cart-pole system and
the spacecraft attitude system as the control object, the dynamic models
of the two systems are introduced. The corresponding control results using
ADHDP algorithms are shown. In Section 4, the performance of the ADHDP
algorithm is interpreted using the critic match loss landscape visualization
method. Comparisons are made across systems, across projection methods
and selected policies. In Section 5, a conclusion is drawn.

2.2. METHOD

In this section, the visualization method for interpreting online RL algorithms
is introduced. The ADHDP algorithm is also given, which is used as an
object to be interpreted using the visualization method. Quantitative indices
for quantitatively analyzing the loss landscapes with system performance are
given.

2.2.1. VISUALIZING THE LOSS FUNCTION

Reinforcement learning uses neural networks as a tool to approximate functions.
Normally, these neural networks approximate complex functions with many
parameters. Visualizing the loss with respect to the network parameters can
reveal the characteristics of the neural network. For example, flat regions
indicate parameter settings where small perturbations have little effect on the
loss, while sharp regions correspond to areas where small changes lead to large
variations, highlighting local minima and saddle points. All of these interesting
characteristics will be visible in the loss landscape. However, the large number
of parameters makes the loss landscape visualization a multi-dimensional
problem, which is difficult to visualize. To tackle this problem, the work [15]
used a method called Contour Plots and Random Directions. The main idea
of the method is that, since it's not possible to fully visualize how the loss
changes with the full-dimensional parameters, two dimensions are selected to
generate a 3-D loss landscape. The 3-D loss landscape is a projection slice
of the full-dimensional loss landscape. To calculate the loss regarding the two
selected dimensions, the following equation is used

Sla.p) = L + b+ pn). (2.1)

Here, {* is the chosen center point in the landscape graph while 6 and n are
the two directions chosen to visualize the landscape. The parameters « and
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are the distances from the chosen center point.

The equation could be understood in the following way. The multidimensional
problem is reduced to a 3-D coordinate system. The loss is visualized on a
2-D subspace spanned by the chosen directions 6 and n. The 3-D plot shows
the loss value f along the vertical axis, with o and B as coordinates on the
horizontal plane.

Using the aforementioned Contour Plots and Random Direction method, the
high-dimensional loss landscape can be visualized through a three-dimensional
slice defined by two selected directions. Although this representation does not
capture the complete geometry of the full parameter space, it provides an
interpretable view of the local loss structure around the chosen point.

2.2.2. ACTION-DEPENDENT HEURISTIC DYNAMIC PROGRAMMING (ADHDP)

To illustrate how the critic loss landscape visualization method contributes to
the interpretation of online RL methods, Action-dependent heuristic dynamic
programming (ADHDP), a specific RL method, is used here as an example.
ADHDP is a specific type of reinforcement learning method. In this method,
the objectives of controlling and learning are separated and realized with two
separate neural networks, which are the actor neural network and the critic
neural network, as shown in Figure 2.1 [20]. The critic network is trained
toward optimizing the total reward-to-go objective, which is the approximation
of the cost function. The actor neural network is trained so that the critic
network generates an ultimate objective of success, which is to minimize the
cost.

/"""""“i /"””""”""’;
X(t) Action @) Critic T +
Network 7 Lo Network T W -
(t)
Jo—y+
—— System — R
T
Figure 2.1: Structure of ADHDP
In ADHDP, the cost function J(t) is expressed as
Jo = r(t+ 1)+yr(t+2)+--~=Zyk_1r(t+k). (2.2)
k=1

Here, r(t + 1) denotes the reinforcement signal (reward) received by the
system. Ik is the number of time steps from time instance t. The discount
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factor y determines the relative importance of future rewards in the cumulative
return.

We define the prediction error e, for the critic network as
ec(t) = [r(t) + yJ(B)] —J(t - 1). (2.3)

The prediction error is also called TD error in reinforcement learning.

The set of weight parameters in the critic network is w,, as shown in
Equation A.1. The weight update rule for the critic network is based on the
gradient descent method.

in this chapter, the critic and actor networks are approximated using
the Multilayer Perceptron (MLP) structure with one hidden layer. Detailed
information about the ADHDP algorithm can be found in Appendix A.

2.2.3. VISUALIZING THE CRITIC MATCH LOSS FUNCTION FOR ADHDP

The ADHDP algorithm is trained based on Equation 2.3. The approximation
precision of cost function J will influence the performance of the algorithm. The
approximation error, TD error in Equation 2.3 is the loss for the critic network.
Hence, visualizing the critic match loss landscape will reveal the approximation
process of the cost function. From the landscape, we can observe the general
trend of how the algorithm evolves during its update.

In this study, the following terminology is used to describe the training
process. An episode denotes one complete simulation run of the controlled
system starting from the initial state until termination. Within each episode, the
system dynamics are propagated in discrete simulation time steps or update
steps. After each simulation time step, the actor and critic neural networks are
updated using the data collected at that step. The number of gradient update
passes applied to the networks at each time step is referred to as the epoch.
Therefore, one episode consists of multiple simulation time steps, and at each
time step the networks are trained for a fixed number of epochs.

The critic network is implemented as a multilayer perceptron (MLP) with
parameters denoted by w.. These parameters are updated at each time
step, reflecting changes in the critic network during training. During online
training the system is reset at the beginning of each episode while the network
parameters continue from the previous episode. To track this evolution, the
vector w,. is recorded at the end of each episode. This forms a sequence of
critic weight snapshots {wc(k)}],l’i"la", where Ns,ap denotes the total number of
recorded episodes.

From Equation 2.1, two directions have to be selected to function as the two
axes for landscape visualization. To select the two directions, the Principal
Component Analysis (PCA) method is applied to generate the two orthogonal
directions in the w. vector group.

Let {wc(k)}fi"lap denote the recorded critic weight snapshots at the end of each
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episode, and define the centered data matrix

(wc(l) - WC)T
(Wc(z) - WC)T _ Nenap
. ’ WC =

(Wc(Nsnap) -wo)'

The sample covariance matrix is computed as

1
C=—X"X. (2.5)
Nsnap -1
By eigen-decomposition,
Cv;= A%y, A > AFCA > ... (2.6)

and the first two eigenvectors are selected as the visualization directions,
6=vy, n = Vs. (2.7)

Here, Nsnap denotes the number of recorded critic weight snapshots, w.(k)
represents the critic weight vector at episode k. w. is the mean of the recorded
critic weights, which is introduced only for the PCA computation. It is not used
as the reference point of the loss landscape, which is instead centered at the
selected critic weight snapshot. X is the centered data matrix constructed from
the weight trajectory, C is the sample covariance matrix, A’“* and v; denote
the eigenvalues and eigenvectors of C, respectively. The first two eigenvectors
vy and vy correspond to the two principal directions used to construct the
visualization plane.

PCA is performed only on the recorded critic weight trajectory collected at
the end of each episode. No additional candidate or grid-sampled weights are
included in the PCA computation.

Now, we have two main orthogonal directions chosen to represent the w,
vector, which is 6 and n in the equation. To generate the full loss landscape,
rather than a one-dimensional loss curve, the parameters « and 8 are sampled
over a grid. To calculate the loss corresponding to each combination of a and 8
in the coordinate system, training data should be used for the calculation. In
a supervised machine learning scenario, the training data is a batch of static
data. However, in online reinforcement learning, the training data are collected
and updated over time, and thus differ across episodes. Therefore, to construct
a well-defined loss landscape as a scalar field over the critic parameter space,
the input data and corresponding targets must be fixed when scanning the
parameter grid.

Here, we consider that the data collected at each episode of training is one
batch of data. The batch data in one episode is generated by the corresponding
policy of that episode. In this study, unless otherwise specified, the reference
batch dataset is selected as the states collected at each simulation time step
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of the final episode, and the corresponding targets are the temporal difference
targets computed under the final policy. With the weight value of each weight
grid, the input states data and the target value, the loss corresponding to each
weight grid is calculated.

To construct the loss landscape, the reduced coordinates on the visualization
plane must be mapped back to the original critic parameter space. For each
selected grid point («a, 8), the reduced coordinates are then mapped back to
the original high-dimensional critic parameter space to reconstruct a full critic
weight vector as

We(a, B) = w. +ab + Bn. (2.8)

where w/ denotes the reference critic weight vector corresponding to the
selected policy. For each reconstructed critic weight vector w.(a, 8), the critic
network is evaluated on a fixed reference dataset collected from a selected
training episode. Let the reference dataset be denoted as {x{¢, yction, yidNer
where x® represents the system state at time step t, u®"" denotes the
corresponding control action, y;d is the temporal difference target computed
under the reference policy, and N is the number of samples in the reference
dataset.

The critic match loss used for landscape construction is defined as

Nref

1 )
Lnacn(@B) = 7= 3 (JO4, s (e, ) — o)’ (2.9)

ref

where J(-; W.(a, 8)) denotes the critic network output under the reconstructed
critic weight parameters.

For each grid point («, 8) on the visualization plane, the reconstructed critic
weight vector is used to evaluate the difference between the critic output and
the corresponding TD target on the fixed reference dataset. The resulting
critic match loss therefore characterizes the local geometry of the critic
approximation error under the reference dataset. It provides insight into the
optimization behavior of the critic during training. Evaluating this loss over the
grid produces a well-defined scalar field over the two-dimensional parameter
plane, which can be visualized as a three-dimensional loss landscape.

Hence, we derive a 3-D critic loss landscape which can depict the loss
geometry around the final policy. By projecting the 3-D loss landscape to a 2-D
contour with the same PCA plane, the recorded weight parameters formulate
the optimization path of critic weights during training, which qualitatively shows
the evolution of training relative to the landscape. From the description of
the method, principally, data from any episode could be choosen to visualize
the loss landscape generated by the policy generated from the corresponding
episode.

This construction yields a well-defined scalar field over the critic parameters
with the inputs and targets fixed when scanning the grid. It therefore
provides an interpretable view of the local geometry under the final policy
and a qualitative depiction of the training trend through the overlaid path. It
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does not reproduce the exact per-episode temporal difference objective, which
changes with the data and targets. But it serves as a performance index that
reveals the geometry of the training landscape, which is relevant for explaining
convergence or instability. Other reference batch datasets, such as those
from intermediate training stages, can also be used to generate landscape
snapshots, as illustrated in subsection 2.4.5.

2.2.4. QUANTITATIVE ANALYSIS OF LOSS LANDSCAPE

The critic match loss landscape is derived as in subsection 2.2.3 and gives
a qualitative view of the optimization path. To demonstrate the method
beyond visual inspection and enable objective comparison, we introduce three
quantitative indices.

sharpness, basin area, and local anisotropy are introduced to depict the loss
landscape quantitatively. They capture complementary aspects of the loss
geometry around the final critic parameters.

Since loss scales differ across algorithms and systems, raw values are not
directly comparable. Let L(a, 8) be the loss on the PCA plane and (a*, 8°) the
final parameters with L*. We define the relative surface

AL(c, B) = L(o, B) — L, (2.10)

and normalize it by the interquartile range (IQR) of AL over the grid to obtain a
dimensionless surface L.

Sharpness Sharpness measures how fast the loss rises when moving away
from the final point. For radius e,
Sharp, = max L(a*+ ecosd, B+ esind). (2.11)
9€[0.2m)
A larger Sharp, value indicates higher local stiffness that descent can be fast
with small steps, while the stable step-size margin narrows and sensitivity

to noise increases. A smaller Sharp, value indicates a flatter, more tolerant
neighborhood.

Basin area The basin area quantifies the extent of the low-loss set around the
final point using
A, = Areaf(a. B) | L(ev. B) < p}. (2.12)

A larger A, implies wider robustness around the final point while a very small
or non-closed set indicates a fragile or non-convergent situation.

Local anisotropy Local anisotropy captures directional imbalance near (o*, 8%).
A quadratic fit of L in a small neighborhood yields a 2 x 2 Hessian H. We use
the condition number

ﬁmax(H))’ (2.13)

logrk = 10g(ﬂ —
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where An.x and Anin are the largest and smallest eigenvalues of H. Large logx
indicates a narrow, ill-conditioned valley. It means that around the final point,
one direction is steep while the other is flat, which makes progress sensitive
to step size and update direction. Small logx corresponds to more isotropic
curvature and smoother updates.

In conclusion, sharpness shows local stiffness and basin area describes
tolerance. These two indices address different questions and should be
interpreted with caution. Sharp landscapes can offer strong local attraction
yet require tight step-size control, while wide basins indicate robustness to
parameter perturbations. Anisotropy complements both by indicating how
“skewed” the valley is. Together, these indices provide a compact quantitative
description of the landscape. Combined with overlaid 2D-optimization path of
the weight, they support comparisons across runs and help explain training
behavior.

2.2.5. SYSTEM PERFORMANCE INDEX

The critic match loss landscape will be analyzed quantitatively using the three
indices in subsection 2.2.4. To relate the landscape geometry to the actual
control performance of a dynamic system, a scalar system performance index
is introduced.

To enable consistent comparison across different systems, each policy is
evaluated on a fixed horizon H.,, using the same stage cost c(x, u;) as in
training, which corresponds to the reinforcement signal r(t) as in Equation 2.2.
For performance evaluation, this instantaneous cost is normalized by a
system-dependent upper bound, such that c(x;, u) € [0, 1]. Then we have

Heya—1
JHou = Z V' elx. w). (2.14)
t=0

If a failure occurs, such as states exceeding predefined constraints at time
tril, the rollout is continued to the horizon H,,, with a fixed worst-case penalty

c(X¢, W) = Cmax, t = tgil, (2.15)

where chax = 1 corresponds to the maximum normalized stage cost.
Since c(x, uy) € [0, 1] is by construction, the discounted cost admits a natural
upper bound. The performance index is therefore normalized as

. J,
Heva - € [0, 1]. (2.16)

JHoa = SHomo1

t=0 Y

The variables appearing in the above formulation are defined as follows. The
state vector x; represents the system state at time step t, and w denotes
the control input applied at the same time step. The function c(x, u;) is the
instantaneous stage cost used for performance evaluation, which is normalized
such that c(x, u¢) € [0, 1]. The parameter y € (0, 1] denotes the discount factor
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that weights future costs. The evaluation is performed over a fixed horizon
H..., and Jy represents the cumulative discounted cost over this horizon.
The normalized performance index Jy rescales the cumulative cost by the
maximum possible discounted sum to ensure Jy € [0, 1]. If a failure occurs at
time t;, the stage cost is set to the worst-case value ¢y, for all subsequent
time steps until the end of the horizon.

From this definition, a well-controlled behavior yields a small Jy, whereas
early failure results in a large Jy due to the accumulated penalty. This
single index enables direct comparison of system performance across tasks
and remains meaningful even when training diverges, providing a unified basis
for relating control performance to the quantitative properties of the loss
landscape.

2.3. ADHDP CONTROL RESULT FOR SYSTEM WITH

UNCERTAINTIES

In this section, the cart-pole system and the spacecraft attitude system are
introduced. The control results of using the ADHDP algorithm are shown. The
results will be used as examples for using the critic match loss landscape to
interpret the online RL algorithm. Multiple independent simulation runs were
conducted for each system. For visualization and analysis, representative runs
were selected to illustrate typical convergent and divergent learning behaviors.

2.3.1. DYNAMICS AND CONTROL FOR CART-POLE SYSTEM

Consider the physical model shown in Figure 2.2. A cart is positioned on a
track running horizontally and an inverted pendulum is attached to the cart
with a hinge that allows rotation around pivot point P in the h — y plane only,
i.e. the pendulum is free to move horizontally. The pendulum’s initial position
is vertical, and an external variable horizontal force is applied to the cart to
maintain the pendulum in a balanced and upright position.

The model is considered to represent an unstable system. An external
control force is required to keep the pendulum balanced, as opposed to a
downward-hanging pendulum in which the force of gravity results in a stable
oscillation about the downward vertical. An ideal pendulum is assumed in
which all of the pendulum’s mass is located at a single point (Q) at the end of
a massless rigid rod.

The control goal of the cart-pole system is that by “pushing the cart to the
right” or “pushing the cart to the left,” the pendulum can stay in its upright
position. Since the force is applied by pushing the cart either to the left or to
the right, the control input to the cart-pole system is discrete with a constant
magnitude. The actor network in ADHDP produces a continuous control signal,
and the sign of this output is used to determine the direction of the applied
force.
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y axis

h axis

Figure 2.2: Cart-pole system as a benchmark problem for ADHDP

The dynamics and kinematics of the system are described with the following
equations [21].

. —f—mly® sin e sgn(h) | wpl
gs1n1//+cosz//[ o L

§= . , (2.17)
(3 -me
o _ o+ mi[§? siny - Pos y] - pesen(i)
m.+m (2.18)
g=-9.8m/s%,

where y is the angular placement of the pendulum, and h is the horizontal
placement of the cart, as indicated in Figure 2.2. f is the force that is applied
to the cart, m is the mass of the pendulum, m is the mass of the cart, u,
and p. are the friction coefficients for the pendulum and the cart, and [ is the
length of the pendulum.

The ADHDP algorithm is first applied to the cart-pole dynamic system. Then,
the critic loss landscape visualization method is applied to reveal the training
process of the algorithm.

For the ADHDP control of the cart-pole system, the state vector is [y, i, h, h],
and the control input is [f]. The input to the critic neural network is the
combination of the state vector and the control input. The input to the actor
neural network is the state vector. The MLP structure with one hidden layer is
chosen to approximate the critic and actor neural networks. The number of
neurons of the hidden net is 6 and 4, respectively. The actor and critic learning
rates are set to 1 x 1072 and 1 x 1072 respectively. Training is conducted over
100 episodes. The ADHDP algorithm is trained in an online manner, where
at each dynamic simulation time step the current state is sampled and used
immediately to compute the temporal-difference error and update the actor
and critic networks. No minibatch training is employed, which is equivalent to
a batch size of one. Network weights are initialized using uniformly distributed
random values. No explicit exploration noise is added to the actor output in
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the baseline ADHDP implementation as shown in Appendix A, in order to avoid
introducing additional stochasticity that could confound the interpretation of
critic optimization behavior.
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Figure 2.3: Cart-pole control results

Figure 2.3 shows a successful simulation result of using ADHDP to control
the cart-pole system. Figure 2.3c shows how many actions the system
can take during each episode before it diverges in 100 episodes of running
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the simulation. Figure 2.3a shows the evolution of the states in the 100"
episode, which can be maintained at the desired range. Figure 2.3b shows
the corresponding actions generated by the actor neural network. The system
takes the sign of these actions as the direction of the applied force.
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Figure 2.4: Critic and actor NN evolution process with time, cart-pole system

Figure 2.4a shows the critic match loss during training. It can be seen that,
as the training continues, the critic match loss decreases to around zero. It
means that the critic network is converging. Figure 2.4b shows the evolution
of aJ(t)/ou(t).This item is used to update the actor neural net, as shown in
Equation A.15. As the training continues, the gradient decreases to around
zero. This indicates that the policy update becomes very small and the actor
network reaches a stationary point. Since the achieved control performance is
not globally optimal, the solution corresponds to a sub-optimal equilibrium.
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2.3.2. ATTITUDE DYNAMICS AND CONTROL FOR SPACECRAFT WITH UNKNOWN
INERTIA

In subsection 2.3.1, the ADHDP method has been applied to the benchmark
cart-pole system. In this part, the results of applying the algorithm to the
spacecraft attitude control system, a more complex problem with unknown
inertia, will be studied.

Following the benchmark cart-pole system, the combined spacecraft dynamic
system will be introduced in this part. From the literature review in section 2.1,
the combined spacecraft in the ADR scenario is a system with uncertainties.
In order to progressively test the performance of the algorithm on the control
of the post-capture scenario, the combined spacecraft model with the lowest
level of uncertainty is considered in the work, which is the uncertainty of the
unknown inertial parameter. Based on this, the following assumptions are
made. The target is captured tightly by rigid robotic manipulators on the rigid
service spacecraft. The joints of spacecraft manipulators will be locked once the
target spacecraft is captured [22]. The target is rigid and uncooperative without
control capability. Under the given assumptions, the combined spacecraft is
taken as a single rigid spacecraft with unknown inertia parameters.

In the present study, the reinforcement learning algorithm is trained in
simulation rather than directly on the physical spacecraft. The training process
provides an initial stabilizing control policy represented by the actor network.
During operation, the learned policy is deployed as a feedback controller
that generates control commands based on the observed spacecraft states.
Pre-training the controller in simulation improves safety and stability, since
learning does not need to start from an untrained policy when applied to the
real system. During this simulation-based training stage, the critic match loss
landscape can be used to analyze the evolution of the critic optimization and
the corresponding control behaviour. This provides an interpretable view of the
learning process before the controller is applied to the physical system.

The kinematic and dynamic equations of combined spacecraft in the inertia
principal axis frame of combination use Euler angles. In this chapter, a
body-fixed reference frame 8B is defined, located at the center-of-mass of
the combined spacecraft. Its coordinate axes are aligned along the principal
directions of the spacecraft. In addition, an Earth Centered Inertial (ECI)
coordinate frame N is defined, with unit vectors {ny,ng,ng}.The n; axis is
aligned with the mean equinox. The ng axis is aligned with the Earth’s rotation
axis or the celestial North Pole, and the ny complies with the right-handed
system.

For the rotation from frame N to frame B with the sequence of 3-2-1, the
kinematics of the combined spacecraft are given below. In the scenario for
the combined spacecraft stabilization, the assumption is that the initial attitude
states of the combined spacecraft are not expected to deviate significantly
from zero degrees, with the final control goal as zero degrees. Hence, the
combined spacecraft here is represented with attitude angles, which will not
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suffer from the singularity problem under the given scenario.

4, 1 coS8y sind;sindy,  cosd; sindy o
:2 = 5 0 C0S 8, c0S 8y —sind; cos o @y |- (2.19)
85 c0os o2 0 sin &, cos 8, 03

The attitude dynamics is given as
M=Jg- -0+ @XJs - ®. (2.20)

Here, 8, 95, and 95 represent the three attitude angles of the spacecraft, and
@), @y, and @3 are the corresponding angular velocities. M denotes the control
torque applied to the attitude system. Ji. is the inertia matrix of the spacecraft,
which is assumed to be unknown.

The reward function is given in the form of a quadratic function of state
errors and control input, as

r(x, u) = xTPx + ufQu, (2.21)

where x = [ey,, €s,, €s,, €5, €u,. €, | Fepresents the error between the observed
and desired states. For the attitude stabilization task, the desired states are all
equal to zero. During this simulation, value of P is 0.01, value of Q is set to
zero to reduce the complexity of the learning problem.

Regarding the inertia parameters, in practical ADR missions the inertia of
the combined spacecraft is generally uncertain because the mass distribution
of the captured target is unknown. In this work, the control problem is
therefore formulated as stabilizing a rigid spacecraft with unknown inertia.
The reinforcement learning algorithms used are model-free and do not require
knowledge of the inertia matrix or other system parameters. For simulation,
however, the dynamics must be generated with a specific inertia matrix, so
a fixed inertia value is used to produce state transitions. This value is only
used within the simulation and is not provided to the learning algorithm. The
inertial parameter of the combined spacecraft is described with the matrix Jg.
with value [1 0.1 0.1; 0.1 0.1 0.1; 0.1 0.1 0.9] kgmz.

As a reference for the performance of the ADHDP, we start by applying
standard PD control to the problem. A disturbance torque of 0.01 N is added
to the system. The control gains K, and Ky are selected as diag(1,1,1) and
diag(10, 10, 10), respectively. The gains are selected through manual tuning to
provide a stable baseline response for comparison with the ADHDP controller.
The results are shown in Figure 2.5.

As can be seen from Figure 2.5, the system can be stabilized in the given
100 seconds. And the control torque does not exceed 1 Nm.

The ADHDP algorithm is applied to the above-defined spacecraft attitude
dynamic system. Then the critic match loss landscape visualization method is
applied to reveal the training process of the algorithm.

To simplify the ADHDP control problem, no external disturbances are
considered, and the system is initialized at the desired equilibrium state, which
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Figure 2.5: Results with PD control

is zero. For the ADHDP control of the spacecraft attitude dynamic system, the
state vector is [81, 82,83, w1, w9, @3], and the control input is u. The input to
the critic neural network is the combination of the state vector and the control
input. The input to the actor neural network is the state vector. The MLP
structure with one hidden layer is chosen to approximate the critic and actor
neural networks. The number of neurons of the hidden net is 10 for both neural
networks.

The hyperbolic tangent function is used as the activation function for the
hidden layer in both actor and critic neural networks to add nonlinearity to
the approximation process. For the selection of the activation function for the
output layers of the neural network, the linear function is selected as the output
function of the critic network, considering the range of the linear function
and the cost function. The hyperbolic tangent function is used as the output
activation of the actor network, since its range sufficiently accommodates the
required control torque, which is less than 1 Nm as shown in Figure 2.5c. The
actor and critic neural networks are initialized using the default initialization of
the linear layers.
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The actor and critic learning rates are set to 1x 1072 and 1x 1072 respectively.
The critic learning weight is adaptively adjusted during training using a
multiplicative scaling ratio of 1.01, with an upper bound of 1.2. The algorithm is
trained in an online manner following the same update scheme as the cart-pole
case in subsection 2.3.1. Parameter updates are performed at each simulation
time step, corresponding to a batch size of one, and no explicit exploration
noise is added.

Training is conducted over 300 episodes. For each episode, using the PD
control results in Figure 2.5 as a reference, the boundary for simulation time
step is set for 100 seconds. For each time step in the episode, the actor and
critic networks are trained in 30 epochs. To efficiently train the algorithm, a limit
is set to the states of the system, which means that once the system starts to
diverge and the states exceed the limit, the current episode will terminate. The
limit can be set according to the simulation scenario. For example, a certain
value can be given to the angular rate as the limit. For diverging runs, the final
episode used for loss landscape construction corresponds to the last executed
episode before training termination, which may be an early-terminated episode
due to state divergence.

Figure 2.6 is the control result of applying the ADHDP algorithm to the
spacecraft attitude system. Instead of stabilizing the attitude angles and
angular rates to zero, the attitude angles, angular rates, and control torques
all display divergent behavior. The algorithm doesn’t manage to successfully
control the system.

Figure 2.7 shows the critic match loss and the evolution of dJ(t)/du(t) during
the training process of the ADHDP algorithm in the spacecraft attitude control
scenario. The critic loss remains low during the early phase of training, followed
by a series of sharp spikes in the middle phase. In the final phase, the loss
stabilizes again at a relatively low level, significantly below the peak values
observed earlier. The actor gradient dJ(t)/du(t) uses critic loss for calculation.
So a similar trend is seen in Figure 2.7b: a gradual increase leading to several
pronounced peaks during the middle phase, followed by smaller and more
stable gradient values toward the end. However, when the training reaches
the stop limit, the actor loss is still high, with an increasing trend, which is
definitely indicating divergence.

2.4. CRITIC MATCH LOSS LANDSCAPE VISUALIZATION FOR
ADHDP ALGORITHM

In this section, the results of using the visualization method on the ADHDP
algorithms are shown. The performance of the algorithms will be analyzed
using the critic match loss landscape. In the experiment, the loss landscape is
visualized using the raw critic loss to preserve its original geometry, while a
linear scaling is applied when computing the landscape quantitative indices to
ensure numerical comparability across different control systems.
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Figure 2.6: Spacecraft control results with ADHDP

2.4.1. CRITIC MATCH LOSS LANDSCAPE VISUALIZATION FOR CART-POLE
ADHDP CONTROL UNDER FINAL POLICY

Figure 2.8a shows how the critic loss landscape changes with weight of the
critic NN. According to section 3.1, the critic network is a MLP with one hidden
layer. The combined weight matrix is a vector with multi-dimensions. After PCA
is applied, the dimension of the matrix is recuded to two dimensions, which are
illustrated by the x and y axes. The z axis indicates the loss across the weight
grid on the x and y axes. The figure then shows the loss trend under different
value combinations of the weight vector. Since the usage of the weight is to
approximate the loss function, the 3-D loss landscape can be used to analyze
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Figure 2.8: 3-D and 2-D loss landscape of cart-pole ADHDP control under final
policy
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the characteristics of the algorithm revolution. From the example of using
ADHDP to control the cart-pole system, it can be seen that the training brings a
smooth loss landscape. Under this smooth loss landscape, the training process
produces an accurate approximation of the loss function. This approximation
of the cost function supports successive updates of the weight parameters.
For the convergent cart-pole case shown in Figure 2.8a, the first two principal
components explain 69.9% and 25.7% of the variance of the critic weight
trajectory, respectively. Together, the first two principal components capture
95.6% of the total variance, indicating that the dominant directions of critic
parameter evolution are well represented in the two-dimensional visualization
plane.

Figure 2.8b is a 2-D projection of the 3-D loss landscape. The line in
the projection indicates the update path of the weight during training. The
beginning of the weight updates from a value that results in a relatively large
critic match loss. As the training continues, the loss is optimized following the
gradient descent of the weights. Finally, the weight update converges to a
value that results in a low critic match loss. To illustrate the update trajectory,
three representative points are marked along the 2-D path, corresponding to
the beginning, a middle stage, and the final stage of training. It can be
observed that the middle point is much closer to the final point than to the
initial point. This indicates that a large portion of the loss reduction occurs in
the early stage of training, while the updates become smaller as the training
progresses. This pattern is consistent with gradient-based optimization, where
large initial gradients drive fast loss reduction, followed by smaller updates
near convergence. When the update stops, the process doesn’'t necessarily
reach the global optimum, but it settles at a local minimum where the critic
match loss becomes small.

In this convergent cart-pole case, the small critic loss is consistent with the
stable control performance observed in the simulation. This point is referred
to as a sub-optimal solution, which is common in online learning where exact
optimization is difficult to achieve. This pattern corresponds with Figure 2.4a,
which depicts the critic loss changes with update steps. The critic loss changes
steeply in the early steps. After the sudden decrease, the critic loss stays
around the convergent value, which indicates the weight behaviour around the
sub-optimal point.

2.4.2. CRITIC MATCH LOSS LANDSCAPE VISUALIZATION FOR SPACECRAFT
ATTITUDE CONTROL UNDER FINAL POLICY

Figure 2.9 illustrates the 3-D critic match loss landscape and the 2-D loss path
resulting from applying the ADHDP algorithm to the spacecraft attitude system.
Note that for this diverging case, the loss landscape is constructed using the
final executed episode, which terminates early due to state divergence. From
Figure 2.9a, it can be seen that the loss landscape based on the final policy
yields a terrain which has two peak-like structure and two bowl-shaped regions.




44 2. Interpretation method for online reinforcement learning control

3D Loss Landscape of Critic Network (final) 2D Loss Landscape of Critic Network (final
(reduction=pca, PCA var=[0.817, 0.084]) (reduction:pca,pPCA var=[0.817, 0.(§84]))

Loss (MSE)
=
Loss (MSE)

CrRNWRUL G Y
Loss (MSE)
Direction 2

0
Direction 1

(a) 3-D loss landscape (b) 2-D loss landscape

Figure 2.9: 3-D and 2-D loss landscape of spacecraft attitude ADHDP control
under final policy

The optimization path of the critic weight travels from peak to one of the bowls
and ends in the other bowl, which corresponds to the fluctuations in loss values
in Figure 2.7a. For the divergent spacecraft attitude control case shown in
Figure 2.9a, the first two principal components explain 81.7% and 8.4% of the
variance of the critic weight trajectory, capturing 90.1% of the total variance.
The PCA results further indicate that the critic parameter updates exhibit strong
anisotropy, with the first principal component accounting for 81.7% of the total
variance. This implies that the evolution of the critic parameters during training
is dominated by updates along a single principal direction in the parameter
space. If this dominant update direction does not correspond to a descent
direction of the true cost function, which may arise from unstable or rapidly
varying TD target, the accumulated updates may drive the learning process
toward divergence rather than convergence. This behavior is consistent with
the highly anisotropic and non-convex structures observed in the final critic
match loss landscape.

2.4.3. CROSS-SYSTEM COMPARISON

In this subsection, the quantitative analysis of the critical match loss landscape
will be shown by comparing the landscapes’ quantitative indexes of the two
systems. The quantitative analysis of the loss landscape will also link with the
system performance using the performance index in subsection 2.2.5.

As shown in Figure 2.9a, the critic match loss landscape of the ADHDP
algorithm for the spacecraft system is substantially more complex than that of
the cart-pole system in Figure 2.8a. While the cart-pole case shows a smooth,
single-slope surface, the spacecraft landscape contains multiple peaks and
valleys, indicating a more challenging optimization process. Table 2.1 shows
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the quantitative description of the critic match landscapes using sharpness,
basin area and local anisotropy. The normalized cost of the two system is also
shown in the system, which enables the link between the characterisitcs of the
loss landscapes and system performances.

Table 2.1: Comparison of ADHDP performance on different environments
Cart-pole system S/C attitude system

Control results stable unstable
Landscape shape Sloped non-convex
Sharpness Sharp, 0.341747 0.267753
Basin area A, 4.196473 20.596623
Local anisotropy log x 1.445154 2.651535
Normalized cost Jy 0.001029 0.148814

For cart-pole, the controller converges. The landscape is essentially a single
slope with a clear descent direction. Table 2.1 shows the quantitative indices
of the loss landscape of cart-pole ADHDP control. Sharpness is relatively high,
the basin area is small, and local anisotropy is low. This pattern is consistent
with a monotone surface. The large sharpness indicates a stiff neighborhood
along the slope around the final point. The small basin area A, shows a single
tilted plane crossing the threshold only in a small region with low loss. The
curvature around the final point is nearly isotropic with small logx. Under the
same evaluation process, the system performance index is near zero, indicating
successful control.

For the spacecraft (S/C) attitude case, the controller is unstable. The
landscape presents multiple peaks and valleys and the path oscillates.
Quantitatively, sharpness is small, the reported basin area is large, and local
anisotropy is higher. The small sharpness reflects the lack of a single steep
descent direction near the final point, while the large A, is caused by several
shallow low-loss patches connected under the threshold in a non-convex
surface, which does not imply robustness of the solution. The larger anisotropy
indicates skewed curvature and narrow passages between valleys. If we
combine the three indices and the observation of the loss landscape, it can be
seen that, the algorithm terminates in a final point with a large and flat area
yet with high local anisotropy, while the loss value is still high. Such a region
makes it difficult for the optimization process to escape toward more favorable
directions. The corresponding finite-horizon performance index is also larger,
matching the observed instability.

From the analysis of the landscapes of the cart-pole and spacecraft attitude
control system, it can be seen that the indices should therefore be interpreted
in combination. Sharpness captures local stiffness. Basin area reflects the
extent of low-loss regions but can inflate on fragmented landscapes. And
anisotropy shows directional difficulty. Their joint pattern aligns with the system
performance index.

The differences in the observed loss landscapes are related to the inherent
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dynamics and dimensionality of the control systems. The number of states
and the dimensions of the control input are different for the cart-pole system
and the spacecraft attitude system. For the cart-pole system, the number
of states is 4, which are the horizontal placement and angle placement, and
their derivatives. The dimension of the control input is 1. For the combined
spacecraft system, the number of states is 6, which are the three attitude
angles and their derivatives. The dimension of the control input is 3, which
is the control torques in three directions. In the present implementation, the
number of states and the dimensions of the control input determine the size
of the input layer for the critic and actor networks. A higher-dimensional input
leads to a larger number of network parameters that need to be trained and
updated, which means that more parameters need to be trained and updated.
As can be seen, with more states and dimensions of control, the structure of the
neural network of the combined spacecraft system is more complicated than
that of the cart-pole system.The differences in the loss landscape reflect the
relative difficulty of optimizing the J cost function and training the algorithm
for the two systems.

Figure 2.9b shows the 2-D projection of the 3-D critic match loss landscape.
Different from Figure 2.8b, of which the weight directly brings the loss from
a larger value to a smaller value, the critic weight updates in the spacecraft
attitude system exhibit a less stable pattern. The trajectory begins at a point
associated with a relatively high critic loss and proceeds through a series
of local minima, indicating frequent shifts in the optimization path rather
than smooth convergence. During the journey of traveling between different
local minima points, the critic loss value experiences spiky changes, which
correspond with Figure 2.7a.

However, it should be noted that the 2-D loss path does not strictly represent
the critic loss at every update. The plot in Figure 2.7a provides the actual critic
loss values recorded at each training step. In contrast, the critic match loss
landscape is constructed by fixing a reference batch, namely the states from
the final training episode and the corresponding temporal difference targets
computed at the final episode, and then evaluating the critic match loss over
candidate weights. Because online reinforcement learning evolves both data
and targets over time, the landscape cannot reproduce every transient change.

This also raises an important question: if learning becomes unstable or fails
to converge, does the loss landscape still provide meaningful information?
In this work, the critic match loss landscape is not intended to reproduce
the instantaneous critic loss during training. Instead, it evaluates candidate
critic parameters on a fixed reference batch, which allows the geometry of
the parameter space to be examined under a consistent objective. Even
when learning is unstable, the resulting landscape still reflects how different
critic parameter configurations approximate the value function for the same
reference data. Therefore, the landscape does not assess the accuracy of the
critic itself, but rather reveals the optimization geometry encountered by the
algorithm. In unstable cases, this geometry often exposes fragmented low-loss
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regions, skewed curvature, or weak descent directions, which helps explain the
observed oscillations and sensitivity during training.

Considering the misalignment between the critic match loss landscape and
critic loss curve with evolution, one naturally arrives at the question: why does
the loss landscape still offer meaningful insight?

Taking the cart-pole system as an example, the ADHDP control yields a
convergent and successful result. The cost function is well approximated by
the final critic, and the stored sequence of weights traces the optimization path
toward a broad low region of the landscape. When the grid is evaluated on the
final episode data and final episode targets, weights corresponding to earlier
stages produce higher loss, while weights near the final solution produce lower
loss, which appears as a darker region in the contour.

This behaviour is consistent with the construction of the critic match loss
landscape, where all candidate weights are evaluated on the same reference
batch taken from the final training episode. Under this fixed evaluation,
earlier weights correspond to undertrained critics and therefore produce higher
loss, whereas weights closer to the final solution yield lower loss. In this
context, weights located in the initial region of the grid correspond to earlier,
undertrained stages of learning and therefore produce higher loss values.
In contrast, weights in the later region represent well-trained stages that
contribute to convergence, resulting in lower loss. Since the final episode
is itself a converged simulation, the combination of well-trained weights and
stable system response yields a low loss, which appears as a darker region in
the landscape plot.

This alignment between the converged behavior and the corresponding
low-loss region in the landscape demonstrates that the loss landscape captures
the optimization trend, even if it does not reflect the exact loss values at each
training step. When training is unstable, the landscape highlights directions
where the cost approximation is sensitive or poor. The value of the critic match
loss landscape therefore lies not in reproducing the exact loss values during
training, but in revealing the geometric characteristics of the critic parameter
space and the qualitative behaviour of the optimization process.

2.4.4. CRITIC MATCH LOSS LANDSCAPE OF FINAL POLICY USING RANDOM
DIRECTION DIM-REDUCTION

To examine whether the observed loss landscape characteristics are intrinsic
to the optimization process rather than artefacts of a specific projection, an
alternative dimensionality reduction is considered. While PCA provides a linear
projection that emphasizes directions of large weight variation, it does not
uniquely determine the geometry of the loss surface. Therefore, a pair of
random orthogonal directions is used as a complementary linear projection to
assess the robustness of the landscape interpretation. It has to be mentioned
that, only linear projections are considered here. Because the proposed
loss landscape is constructed by explicitly reconstructing the critic network
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parameters on a two-dimensional subspace and re-evaluating the critic match
loss. This requires a linear projection that admits an explicit inverse mapping
from the reduced coordinates to the original parameter space. As a result,
nonlinear embedding methods such as t-SNE (t-distributed stochastic neighbor
embedding) therefore isn't considered, since they are less suitable than linear
dim-reduction methods for the reconstruction of valid network parameters for
loss evaluation.
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Figure 2.10: 3-D and 2-D loss landscape with random direction dim-reduction of
cart-pole ADHDP control

Figure 2.10a and Figure 2.10b show the 3-D surface and 2-D path when
the weight space is projected onto two random orthogonal directions, instead
of the PCA plane in Figure 2.8a and Figure 2.8b. Compared with the PCA
projection, the absolute loss range on the grid is compressed and the slope
becomes less steep. Nevertheless, the overall terrain remains a single tilted
surface. The 2-D optimization path still progresses almost monotonically along
a dominant descent direction, with only minor turns near dense contour regions
as it approaches the minimum.

This indicates that, although the numerical scale and apparent steepness
depend on the choice of projection, the essential optimization characteristics
remain unchanged. In particular, a clear descent channel is preserved on the
projected plane under the final-policy reference, which is consistent with stable
weight evolution and a low system performance index Jy.

For spacecraft attitude control using ADHDP, Figure 2.11a and Figure 2.11b
show the 3-D surface and the 2-D path when the weight space is projected
onto a pair of random orthogonal directions. As expected, the absolute loss
range and the detailed surface morphology vary with the projection. Under
the random projection, the surface appears as a shallow arch rather than a
well-defined basin. Along a ring near the top of this arch, the loss exhibits only
weak variation, and the optimization path circulates around this region before
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Figure 2.11: 3-D and 2-D loss landscape with random direction dim-reduction of
spacecraft attitude ADHDP control

settling, as shown in Figure 2.11b. This results in a visible loop on the 2-D
contour, reflecting a small effective gradient in tangential directions and a lack
of a strong descent direction.

From the case of the spacecraft attitude control, the interpretation of the
algorithm behavior does not depend on using PCA or random orthogonal
directions for dim-reduction. Both projections reveal a difficult and skewed
landscape with limited descent, which is consistent with unstable training and
poor control performance.

2.4.5. CRITIC MATCH LOSS LANDSCAPE DURING TRAINING

A full movie of the online evolution is not feasible, since both the reference
data, states and TD targets, and the critic parameters change at every step,
making the objective itself move continuously. While the two-dimensional
optimization path provides a compact visualization of how the critic weights
move during training, a loss landscape constructed only under the final policy
cannot reflect the geometry perceived by the critic at earlier stages of learning.
To partially capture this temporal aspect, we fix the PCA plane built from the
full sequence of episode-end critic weights and take mid-training shapshots.
From the simulation setting in section 2.3, the mid-episode for cart-pole system
is 50 and 150 for spacecraft attitude system. For each snapshot, the loss grid
is re-centered at the episode-end weight of that episode. From Equation 2.1,
this re-centering means that the coordinate of each grid is calculated based
on the distance between that grid and the selected episode-end weight. The
critic match loss is evaluated on that plane using the states and TD targets
from that same episode. This yields a mid-training landscape that is directly
comparable with the final-policy landscape. The mid-training surface as shown
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Figure 2.12: 3-D and 2-D loss landscape cart-pole ADHDP control during training

in Figure 2.12a and Figure 2.12b already exhibits a coherent and nearly convex
basin aligned with the descent direction. The two-dimensional optimization
path progresses steadily toward the basin center, with only minor adjustments
near regions of denser contours. Compared with the final-policy landscape
shown in Figure 2.8a, the basin at episode 50 is shallower and slightly broader,
indicating that the local curvature is still developing.

Nevertheless, the overall geometry is characterized by a single dominant
slope, weak anisotropy, and the absence of competing valleys. This consistency
between the mid-training and final landscapes explains the stable and
monotonic convergence observed during training.

The mid-training loss surface, shown in Figure 2.13a and Figure 2.13b, differs
qualitatively from that of the cart-pole task. Around episode 150, the surface
forms a shallow bowl-shaped region intersected by a ridge. Along this ridge,
the two-dimensional optimization path turns and partially backtracks, before
drifting through directions of low curvature. Compared with the final-policy
landscape in Figure 2.9a, the mid-training surface is less cohesive, exhibiting
weaker tangential curvature, while a narrow passage across the ridge remains
visible. This shows that the critic optimization geometry is still evolving at this
stage of training.

This behavior suggests a moving-target effect during learning. The descent
directions observed in the mid-training landscape do not align with the low-loss
region in the final landscape. It brings step-size sensitivity and oscillatory
motion near the ridge. As a consequence, system performance remains
unstable and the normalized cost stays large. Overall, the temporal loss
landscapes suggest that the instability arises not only from non-convexity, but
also from the evolving learning signals provided by the critic. As these signals
change over time, policy updates repeat traveling across low-cost regions with
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Figure 2.13: 3-D and 2-D loss landscape spacecraft attitude ADHDP control
during training

unstable features, preventing steady progress toward stable control.

2.5. CONCLUSION

The critic loss landscape visualization method for online reinforcement learning
is proposed to analyze the training behavior of actor—critic control algorithms.
By constructing a critic match loss surface on a low-dimensional plane
and overlaying the optimization path, the method provides an interpretable
representation of how critic parameters evolve during critic learning. To analyze
the resulting landscapes beyond visual inspection, quantitative indices and a
normalized system performance index are introduced, allowing the geometric
properties of the landscape to be related to control outcomes. The method is
evaluated using the Action-Dependent Heuristic Dynamic Programming (ADHDP)
algorithm on the cart-pole and spacecraft attitude control problems. Through
comparisons across projection methods and training stages, the simulations
reveal distinct landscape characteristics associated with stable convergence
and unstable learning. Overall, the results show that the proposed visualization
and analysis framework enables both qualitative and quantitative interpretation
of critic optimization behavior in online reinforcement learning, offering a
practical tool for interpreting and comparing actor-critic algorithms in system
control applications.
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APPENDIX A: ADHDP ALGORITHM DETAILS

The critic network and actor network are approximated using a MLP structure

with one hidden layer.
(2) &
i

In the critic network, the output J(t) is in the form of Equation A.1l. wyg’ is
the weight from the hidden layer to the output layer.
th
I = Y wdOput), (A1)
i=1
1-— e‘Qi(t) .
pi(t) = Troa0 ™ » Nne, (A.2)
n+1
a(®) = > w0, 1= 1, Nyc. (A3)
J=1

In the Equation A.2 and Equation A.3, g; is the i hidden node input of the
critic network, wf:il) is the weight from the input layer to the hidden layer and p;
is the corresponding output of the hidden node, n is the dimension of the state
vector and the additional input x,.; = 1 represents the bias term.. N, is the
total number of hidden nodes in the critic network. From Equation A.2, it can
be seen that the hyperbolic-tangent function is used as the activation function
at the hidden layer to add some nonlinearity to the training process. The linear
function is used as the activation function at the output layer, as an example,
as can be seen from Equation A.1. The choices for the activation function are
decided according to the specific cases and users’ experience.

Using a feed-forward network, the adaption in the action network is similar
to the one in the critic network, while the inputs are the measured states,
indicated with x(t) in Figure 2.1, and the output is the action u. The associated
equations for the action network are:

1—e®

u(t) = m, (A.4)

Nna
v(t) = ) w(Dgo), (A.5)

i=1
() = )| w00, 1=1,- Nug, (A.6)

j=1
1 — e hu®

gi(t) = m,i= 1,-+-, Npa, (A.7)
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where u(t) is the input to the action node, and g; and h; are the output
and the input of the hidden nodes of the action network, respectively. From
Equation A.4, it can be seen that the hyperbolic-tangent function is used as
the activation function at the hidden layer. The hyperbolic tangent function
is also used as the activation function at the output layer, as can be seen
from Equation A.7. Similar to the critic network, the choices for the activation
function are decided according to the specific cases and users’ experiences.
The training of the two neural networks is based on backpropagation. With the
chain rule, the adaption of the critic network is summarized as follows. From
hidden to the output layer

JE.(t
Aw(6) = (1) [—WQE(;} (A8)
cd

IE) _ IE) (D)
w2 8 ow?(1)

= yec(t)pi(D), (A.9)

where Aw(z)(t) indicates the weight from the hidden to the output layer of the
critic network and E.(t) denotes the instantaneous critic error function.
From the input to the hidden layer

Aw(t) = 1.0 |22 (A.10)
()
JE.(t) _ OE.(t) oJ(t) dpi(t) 9qi(t)
awcl)(t) aJ(t) Ipi(t) 9qi(t) sy (t) (A11)

= yeouf (o] 5 (1= p20) |50,

where ch V(t) indicates the weight from the input to the hidden layer of the
critic network.

The update rule for the nonlinear multi-layer action network also contains
two sets of equations.

From the hidden to the output layer

OEq (1)
(2)(t)

AwP(t) = Lo(b) |- (A.12)

OEa(t)  OE4(t) 8J(t) du(t) duv(t)
w2 () dult) du(t) aw (1)
. (A.13)

—ea(t)Z[ 205 (1-pw)ull, 0| [5 (1 - )| g,
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where Aw(z)lndlcates the weight from the hidden to the output layer of the
actor network and E,(t) denotes the instantaneous error function of the actor
network.

In Equation A.13, 8J(t)/du(t) is obtained from the critic network by changing
variables and by the chain rule. The term wﬁiiH is the weight associated with
the input element from the action network output. Here, i is the i node of the
input layer, and n is the number of nodes of the input layer.

From the input to the hidden layer

Aw)(b) = la(t) % (A.14)
, (O
EL(t)  OEL(D) aJ(t) du(t) du(t) dgi(t) dhu(t)
“)(t) 3J(6) du(t) u(t) dgi(t) () gD (6)
Nhe
—ea<t>2[ w2 (0 (1= P20 ull), 0] (A.15)

[;( z(t)] (2)(t)[ l—gl(t))]xj(t)

where w(l)(t) indicates the weight from the input to the hidden layer of the
actor network

In ADHDP implementations, Equation A.9 and Equation A.11 are used
to update the weights in the critic network, while Equation A.13 and
Equation A.15 are used to update the weights in the action network.
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ADAPTING CRITIC MATCH LOSS
LANDSCAPE VISUALIZATION TO
OFF-POLICY REINFORCEMENT
LEARNING

This work extends an established critic match loss landscape visualization
method from online to off-policy reinforcement learning (RL), aiming to reveal the
optimization geometry behind critic learning. Off-policy RL differs from stepwise
online actor-critic learning in its replay-based data flow and target computation.
Based on these two structural differences, the critic match loss landscape
visualization method is adapted to the Soft Actor-Critic (SAC) algorithm by aligning
the loss evaluation with its batch-based data flow and target computation, using a
fixed replay batch and precomputed critic targets from the selected policy. Critic
parameters recorded during training are projected onto a principal component
plane, where the critic match loss is evaluated to form a 3-D landscape with an
overlaid 2-D optimization path. Applied to a spacecraft attitude control problem,
the resulting landscapes are analyzed both qualitatively and quantitatively using
sharpness, basin area, and local anisotropy metrics, together with temporal
landscape snapshots. Comparisons between convergent SAC, divergent SAC, and
divergent Action-Dependent Heuristic Dynamic Programming (ADHDP) cases reveal
distinct geometric patterns and optimization behaviors under different algorithmic
structures. The results demonstrate that the adapted critic match loss visualization
Jframework serves as a geometric diagnostic tool for analyzing critic optimization
dynamics in replay-based off-policy RL-based control problems.

This chapter is based on the revised manuscript: J. Liu, J. Guo, and E. Gill, “Adapting
Critic Match Loss Landscape Visualization to Off-policy Reinforcement Learning,” submitted to
Astrodynamics, DOI: https://doi.org/10.48550/arXiv.2603.14589.
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3.1. INTRODUCTION

einforcement learning has been a hot spot for research in recent years.

While the research was initiated by the computer science community, it
quickly spread its applications and related theory development also to other
research communities.

With its wide applications in optimization [1], control [2], and planning [3],
reinforcement learning has shown potential in solving decision-making
problems. However, reinforcement learning algorithms often suffer from
limited generalization capability, resulting in unstable training performance
and inconsistent control outcomes across different environments. As a result,
researchers are concerned about the interpretation of the performance of
the reinforcement learning algorithms, rather than only treating it as a black
box [4]. Interpretation methods, such as decision trees [5], natural language
explanations [6], and visualization methods [7], have been developed and
used to interpret the algorithm’s behavior in decision making, planning, and
other aspects. Among them, the visualization method is a widely used method
for its intuitiveness, readability, and ease of interpretation by readers. The
loss landscape is an index that is often chosen by researchers to visualize the
internal process during the training of reinforcement learning methods [8], and
also the characteristics of the neural networks that are used for approximation
in the learning methods [9].

The authors previously developed a method for visualizing the critic-matching
loss landscape to analyze actor—critic learning behavior. That work focused
on online reinforcement learning and demonstrated how the visualization
reflects critic optimization patterns under continuously updated state-action
data. Unlike online algorithms, which interact with the environment and update
parameters in a stepwise manner, off-policy reinforcement learning adopts
a replay-based training regime with decoupled data usage and parameter
updates. Although the agent continues to interact with the environment,
critic learning is performed on mini-batches sampled from a replay buffer,
and target values are computed using delayed or target networks rather than
being directly tied to the most recent interaction. Because of these structural
differences, the method cannot be directly applied to off-policy RL without
further adaptation. Bridging this gap ensures that the visualized loss geometry
remains meaningful under the batch-based learning characteristic of off-policy
RL.

The present work adapts the critic match loss landscape visualization method
to suit the off-policy RL setting, using the Soft Actor-Critic (SAC) algorithm [10]
as a representative case. SAC is chosen due to its strong and stable
performance in control tasks [11, 12]. To accommodate the replay-based
training structure of SAC, the visualization method is adapted in two main
aspects. First, to address the data flow difference, a fixed batch of replay
data is used instead of continuously collected online samples, and the critic
weight recording frequency is defined at the scale of neural network updates
rather than episode boundaries. Second, to adapt the critic match loss
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computation, the target values are precomputed and fixed based on the final
policy, incorporating the twin-critic structure and entropy regularization of SAC.
With these adaptations, critic parameters recorded during training are projected
onto principal directions identified through principal component analysis (PCA),
and the critic match loss is evaluated to construct a three-dimensional loss
landscape with an overlaid two-dimensional optimization path. Applied to a
spacecraft attitude control problem, the resulting loss landscapes are analyzed
both qualitatively and quantitatively using sharpness, basin area, and local
anisotropy metrics. Temporal landscape snapshots are further constructed to
examine how critic geometry evolves during training and to identify potential
instability events. The results show that, under the frozen-target surrogate
objective, the proposed visualization method provides structural insight into
critic optimization behavior in the off-policy RL setting, extending its applicability
beyond online actor-critic methods. Comparisons among convergent SAC,
divergent SAC, and Action-Dependent Heuristic Dynamic Programming (ADHDP)
cases reveal how different algorithmic structures shape critic optimization
geometry and its relation to control behavior.

This paper is organized as follows. Section 2 introduces the loss function
visualization technique, outlines the critic match loss landscape method and
describes the adaptations required for its use in off-policy reinforcement
learning. The quantitative indices for analyzing loss landscapes are introduced.
Section 3 shows the setting of the spacecraft attitude system used for
demonstrating the control algorithm’s critic match loss landscape. Section
4 presents the critic match loss landscape visualization results, including
comparative analyses between SAC and ADHDP, temporal landscape snapshots,
and a discussion of the interpretation scope of the method. Section 5 validates
the proposed critic match loss landscape method using SAC control on the
Cart-Pole benchmark as a case study. Section 6 concludes the paper.

3.2. CRITIC MATCH LOSS LANDSCAPE VISUALIZATION METHOD AND

ITS ADAPTATION TO OFF-POLICY RL

In this section, the visualization method for interpreting online RL algorithms is
introduced. The Soft Actor Critic (SAC) algorithm is also provided, which serves
as an object to be interpreted using the visualization method.

3.2.1. VISUALIZING THE LOSS FUNCTION

In reinforcement learning, neural networks are used to approximate functions,
often with a large number of parameters. The loss landscape, which shows how
the loss varies with these parameters, can reveal properties such as flatness,
sharpness, local minima, and saddle points. However, the high dimensionality
of the parameter space makes direct visualization difficult. To address this, the
Contour Plots and Random Directions method is proposed [9]. The idea is to
select two directions, 6 and n, and plot the loss over the 2-D plane they span.
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The resulting surface is a projection slice of the full loss landscape. The loss
value in this plane is computed as

Sa.p)=LE +ab+pn). (3.1)

where {* is the chosen center point. a and B represent displacements along
the two directions. Lis the loss function. This reduces the multidimensional
problem to a 3-D plot, with (a,8) on the horizontal plane and f(«,8) on the
vertical axis, making the structure of the loss landscape explicit and easy to
interpret.

3.2.2. SOFT ACTOR-CRITIC (SAC) ALGORITHM

In previous work, the loss visualization technique has been proposed to
interpret the performance of online reinforcement learning algorithms with an
actor-critic structure. To further extend the proposed visualization method
beyond online learning, this study applies it to the Soft Actor-Critic (SAC)
algorithm, which represents an off-policy reinforcement learning framework
known for its stable control performance.

Figure 3.1 shows the structure of the SAC algorithm. Similar to the
ADHDP algorithm, it also employs an actor and critic structure. The actor
is approximated to generate the actions, and the critic network is used to
approximate the cost function. Different from the ADHDP algorithm, it uses two
critic networks. One critic updates its parameters with a delay relative to the
other. This delayed update mechanism reduces overestimation bias in value
approximation and stabilizes training, leading to a more accurate estimation of
the cost function.

~ Reward

[ Environment Action |

A

Action _'_'

Entropy

Critic

Actor

[ Replay Buffer ] [

J

Figure 3.1: SAC structure diagram

Another factor where the SAC algorithm differs from the ADHDP algorithm is
that the SAC algorithm is an off-policy reinforcement learning algorithm that
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optimizes a stochastic policy using an entropy-augmented objective function,
which is the cost function in the case of the ADHDP algorithm. The goal of the
Soft Actor—Critic (SAC) algorithm is to maximize both the expected cumulative
reward and the entropy of the policy:

J(m) = Z B~y [F(st @) + QiempH(m([s)] (3.2)
t=0
where H(m(:|s;)) = —Eq-~xllog n(ails,)] is the entropy term, and oemp > O is

the temperature coefficient that balances the trade-off between reward
maximization and exploration.

The critic networks are trained to minimize the Bellman residual using the
target Q-value:

2
ToWe) = Bos.aursn-n | (Gwelse a0 = )| (3.3)

where the target value y' is computed as:

y‘td =1+ vEq, [QWC(sHly Qt1) — Qemp lOG n(at+l|5t+l)] . (3.4)

Here, s; and a; denote the system state and action at time step ¢,
respectively, while r; is the immediate reward. The term d, represents the
state-action distribution under policy n. The parameter w. refers to the critic
network weights, and w. denotes the slowly updated target critic network
weights. The discount factor y € (0,1) determines the importance of future
rewards. The replay buffer D stores sampled transitions (s;, a;, 1t, S¢41) that are
used to train the critic network.

3.2.3. VISUALIZING THE CRITIC MATCH LOSS FUNCTION FOR SAC ALGORITHM

The idea of visualizing the critic match loss function was previously developed
by the authors to analyze the critic network behavior of online reinforcement
learning algorithm. In that context, the visualization was shown to reflect critic
optimization patterns under continuously updated state-action data. Besides
online RL algorithms, off-policy reinforcement learning algorithms are also
widely used in control scenarios. However, off-policy RL algorithms often have
more complicated structures. So it's important to see how the established
critic match loss landscape visualization method can be adapted to off-policy
RL settings. In this work, the Soft Actor Critic Algorithm is selected as the
sample algorithm for off-policy RL.

Before introducing the adaptation of the critic match loss visualization method
to off-policy reinforcement learning, the visualization procedure for online RL
is briefly summarized. For an online actor—critic reinforcement learning
algorithm, the critic network is employed to approximate the cost function,
and its approximation accuracy directly affects the control performance. The
temporal-difference (TD) error reflects this approximation accuracy and is
iteratively minimized during critic training. However, both the TD error and the
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distribution of system states evolve continuously as training progresses, which
makes it difficult to represent the training process using a single, consistent
TD-error surface. To address this issue, the critic match loss is introduced as a
surrogate measure to represent the evolution of the training signal in a fixed
reference setting.

To capture the training evolution, the critic weight vector is recorded at the
end of each training episode, forming a sequence of weight snapshots that
reflects the progression of critic updates over the entire training process. Since
the critic weights are high-dimensional, dimensionality reduction is required for
visualization. As indicated in Equation 3.1, two directions are selected to serve
as the axes of the loss landscape. These directions are obtained by applying
principal component analysis (PCA) to the set of recorded critic weight vectors
w,, yielding two mutually orthogonal basis vectors. Denoted as é and n, these
directions define a low-dimensional parameter plane for visualizing variations
in w.. Rather than depicting the loss along a single dimension, the loss surface
is explored in two dimensions by sampling the parameters a and B over a
predefined grid. For each (a, 8) pair, the critic weights are reconstructed as
w. = w. + ab + fn, and the corresponding critic match loss is evaluated.

For each grid point, the loss is computed using fixed input-target pairs. The
inputs consist of system states collected from the final training episode, while
the targets are the corresponding temporal-difference targets computed at the
final epoch. This procedure yields a three-dimensional loss landscape that
characterizes the local loss geometry around the final policy. By projecting the
loss landscape onto the same PCA plane, the recorded critic weight trajectory
can be overlaid as a two-dimensional optimization path. This path provides
a qualitative representation of how the critic parameters evolve relative to
the underlying loss geometry during training. Although this construction does
not reproduce the exact time-varying TD objective used throughout training, it
offers an interpretable view of the critic’s optimization behavior and supports
the analysis of convergence and instability in online reinforcement learning.

To adapt the critic match loss landscape technique from online to off-policy
setting, it’'s necessary to compare the structure differences between online
RL and off-policy RL, which will show the aspects the match loss landscape
technique has to be adapted.

1. Firstly, the data flow is different. Different from stepwise online actor-critic
reinforcement learning, in which the sample data is collected per time
step and the weight updates accordingly, SAC is an off-policy reinforcement
learning algorithm with replay-based updates. Unlike strictly offline batch
RL, the SAC implementation used in this work continues to interact with the
environment throughout training. At each time step, the agent interacts
with the environment and stores the resulting transition (s, a;, r¢, s¢+1) into a
replay buffer. Environment interaction continues throughout training and the
replay buffer grows incrementally as new transitions are collected. Once the
buffer contains enough samples to form a mini-batch, the neural networks are
updated by repeatedly sampling batches from the buffer. And the weights of
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the neural networks update accordingly.

2. Secondly, the target calculation in TD error is different. TD error is
used to calculate the critic match loss and generate the local geometry of the
critic match loss function, which can show how the critic match loss varies in
the neighborhood of the final policy. From Equation 3.4, the TD error can be
expressed as

e/® = Ow.(st. ar)

- (Tt +y glllg Ow. (St+1. Ats1) , (3.5)

— Oltemp log m(ay | SH—I))

where Qy.(s:. a;) is the Q value of the current critic network, Qy,, is the current
target network which uses soft update,r; is the current reward, y is the discount
factor, m(as1 | se+1) is the probability density of action ai.; under the state s,
emp 1S the temperature coefficient that controls the trade-off between policy
exploration and exploitation and a;;; ~ m(- | s;41) is the next action sampled
under the current policy with state s;.;. For online RL, TD error expression is
much more simple, which is

e(t) = [r(t) + yJ()] - J(t - 1). (3.6)

The difference in the target computation in TD error will determine the
calculation of critic match loss.

From the discussion above, it can be seen that the structural differences
between online and off-policy reinforcement learning mainly lie in (i) the
data usage flow and (ii) the target computation mechanism for critic
updates. Accordingly, the visualization method is adapted along two directions:
adaptation to the data flow and adaptation to the critic match loss computation.

A. Adaptation to the off-policy data flow

To adapt to the data flow in off-policy RL, two design choices are introduced.

(1) Using a fixed batch of replay data instead of continuously collected online
samples. In online RL, the sample distribution evolves as the policy changes
and new trajectories are generated. For online RL, the states and loss from the
last training episode are used for the critic match loss of each grid. Using the
data from the last training episode, the final policy is evaluated through the
critic loss landscape. In off-policy RL, critic training is batch-based and driven
by replay samples. Therefore, a fixed batch is sampled from the replay buffer,
which is consistent with SAC’s training mechanism.

(2) Recording the critic weights at a frequency defined by network update
steps. For an online reinforcement learning method, the weight recording
frequency is selected based on the real-world dynamics. For the online RL
visualization, the weight is recorded when each episode ends, which either
meets the simulation time limit or system states limit. However, as described
above, the data usage flow for neural networks and the weight update flow
is different in the case of an off-policy reinforcement learning algorithm. SAC
updates the networks by repeatedly sampling mini-batches from the replay
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buffer, and a large number of parameter updates may occur within a single
episode. As a result, the weight recording frequency is chosen on the same
scale as the neural network update steps. Specifically, the network parameters
are recorded at fixed intervals during training. These recorded parameter sets
are then used to project the loss landscape over the entire training process.

B. Adaptation to the critic match loss computation in SAC

A fixed batch of state “s;, a;, i, si+1” samples are collected to calculate the
corresponding Bellman targets y' using Equation 3.4, where the expectation
term over the next action is evaluated using the final policy. To adapt to this
critic match loss computation scheme, three design choices are introduced.

(1) SAC Bellman targets are precomputed and fixed for a selected batch of
replay data. In SAC, the target value depends on the twin-critic structure, the
entropy term, and policy sampling. During visualization, the critic parameters
are systematically perturbed on a weight grid that does not correspond to
actual training states. Therefore, recomputing targets for each grid point
would introduce ambiguity and make the loss definition inconsistent. Fixing the
targets computed from the final policy provides a well-defined reference for
evaluating the critic loss across the weight grid.

(2) The visualization focuses on the primary critic network within the
twin-critic architecture. Both critics are trained using the same loss formulation
and share an identical target definition. Therefore, focusing the visualization on
a single critic network does not alter the SAC training objective and allows the
loss landscape to be defined consistently.

(3) The actor network and the temperature parameter are kept fixed during
visualization. Since the goal is to examine how the critic loss varies with
respect to critic parameters alone, allowing the actor or entropy coefficient to
change would couple multiple sources of variation. Freezing these components
isolates the local loss geometry of the critic while remaining consistent with
the final stage of SAC training.

From the method description above, there are two main adaptions when the
critic match loss visualization is applied to off-policy actor-critic RL algorithm.
The first main adaption is caused by the data flow difference between online
and off-policy RL. For the adaption in data flow, two design choices are made
(1) using a fixed batch of replay data instead of continuously collected online
samples; (2) critic weight recording frequency. For the adaption in calculation
critic match loss, three design choices are made. (1) precomputing and fixing
the target values that combine the twin-critic structure and the entropy term;
(2) focusing the analysis on the primary critic within the twin-critic pair; and
(3) freezing the actor and temperature parameters to isolate the critic’s local
loss geometry. These modifications align the visualization method with the SAC
training mechanism while preserving its original interpretive purpose, enabling
consistent comparison between online and off-policy RL paradigms.

The above description of constructing critic match loss landscape is illustrated
using the final trained policy. Yet the formulation is not restricted to the
terminal stage of training. By recording the critic parameters, associated
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target quantities, and a representative replay batch at any selected time point,
and freezing these components, a locally stationary surrogate objective can
be defined for that stage. Training then proceeds with further environment
interaction and buffer growth. The resulting landscape therefore characterizes
the critic geometry corresponding to a specific policy snapshot. By constructing
such frozen-target landscapes at multiple training stages, the method enables
a temporal analysis of critic optimization behavior. While each surface remains
a static approximation, the sequence of snapshots provides insight into how
critic stability and geometric structure evolve throughout learning.

By projecting the 3-D landscape onto the 2-D PCA plane obtained from the
recorded critic weights, the optimization trajectory of the critic parameters
during SAC training can be visualized on the same contour map. This 2-D path
qualitatively represents how the weights evolve in relation to the underlying
loss geometry, thereby revealing the optimization trend and convergence
behavior throughout the training process.

This procedure constructs a stationary surrogate of the critic's training
objective under a selected policy and a qualitative representation of the
projected optimization path. Although it does not reproduce the exact
stepwise temporal difference objectives used during SAC training, it enables
the visualization of how the critic match loss varies in the final policy, providing
a clear depiction of the local geometry that characterizes the optimization
behavior of the critic of SAC.

3.2.4. QUANTITATIVE ANALYSIS OF LOSS LANDSCAPE

The critic match loss landscape is derived using the method in subsection 3.2.3.
It will directly show the qualitative representation of the optimization path.
To further enable objective comparison and interpretation beyond visual
inspection, a quantitative analysis of the loss landscape is introduced here.

Three indices are considered in this work: sharpness, basin area, and local
anisotropy. These indices capture different aspects of the loss geometry
around the final critic parameters and provide complementary descriptions of
the training outcome.

Since the magnitude of the critic match loss varies significantly across
algorithms and control systems, a direct comparison of raw loss values is not
meaningful. Therefore, the loss landscape is first expressed relative to the final
critic parameters. Let L(«, 8) denote the critic match loss on the PCA plane,
and let (a*, 8%) be the final critic parameters with loss value L*. A relative loss
surface is defined as

AL(a, B) = L(a, B) — L™. (3.7)

To remove scale dependence, AL is normalized by a robust internal scale,
chosen as the inter quartile range (IQR) of AL over the grid. The resulting
dimensionless surface L enables consistent geometric interpretation across
different training runs.
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Sharpness Sharpness describes how rapidly the loss increases when the critic
parameters are perturbed away from the final point. For a given radius g, it is
computed as

Sharp, = max L(a + €cos 8gir, B+ €sindg) . (3.8)

84ir€[0,21)

This index represents the worst-case local sensitivity of the critic loss within a
neighborhood of radius e¢. 8y, denotes the angular direction on the circle of
radius e and it is unrelated to the network parameter vector.

From the perspective of reinforcement learning evolution, a larger sharpness
indicates that the final critic parameters lie in a region where deviations
are strongly penalized, suggesting a locally well-defined solution with a clear
descent structure. In contrast, a small sharpness value corresponds to a
flat or weakly constrained region, which is often associated with unstable or
non-convergent training behavior.

Basin area The basin area characterizes the spatial extent of low-loss regions
surrounding the final critic parameters. It is defined as the area of the region
where the normalized loss remains below a prescribed threshold p,

A, = Area{(a, B) | L(a. B) < p} . (3.9)

This quantity provides a measure of how broadly the critic can vary while
maintaining a comparable loss level.

In the context of reinforcement learning, a larger basin area suggests that
the training process has converged to a solution that is robust to parameter
perturbations, whereas a very small basin indicates a fragile solution that
depends on fine parameter tuning. It should be noted that when training fails
to converge, the loss landscape may not exhibit a closed basin structure, in
which case this value does not convey meaningful information.

Local anisotropy Local anisotropy describes the directional imbalance of the
loss landscape near the final critic parameters. A quadratic approximation of
L is constructed in a small neighborhood of (a*, 8*), yielding a 2 x 2 Hessian
matrix H on the PCA plane. The degree of anisotropy is measured by the
logarithm of the condition number,

(3.10)

(ﬂde(H))
logk = log| ———— |,

ﬂmin(H)

where An.x and An, are the largest and smallest eigenvalues of H,
respectively.The condition number of the resulting Hessian matrix on the PCA
plane captures the relative difference between steep and flat directions of the
loss.

From an optimization viewpoint, strong anisotropy indicates an ill-conditioned
valley, where progress is sensitive to step size and update direction. In
reinforcement learning, such landscapes are often associated with slow
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convergence or instability, whereas more isotropic curvature corresponds to
smoother and more reliable training dynamics.

Together, these indices provide a compact quantitative description of the
critic loss landscape. When combined with the visualization of the optimization
path, they offer insight into how different reinforcement learning algorithms
evolve in parameter space and why their training outcomes may differ.

3.3. SPACECRAFT ATTITUDE CONTROL SETTING

In this section, the spacecraft attitude system is selected as the sample system
for SAC control. The control results of using the SAC algorithm are shown.

In this work, the combined spacecraft in the ADR scenario will be used as the
control object for the SAC algorithm. From [13], the combined spacecraft in
an ADR mission is a system affected by different kinds of uncertainty. In this
work, to test the control algorithm for the post-capture stage in a gradual way,
the simplest case is studied first, where the only uncertainty comes from the
inertial parameters. The following assumptions are made:

* The target is firmly grasped by rigid robotic manipulators mounted on a
rigid servicing spacecraft.

+ After capture, all manipulator joints are locked [14].
* The target is rigid, uncooperative, and has no control capability.

With these conditions, the combined spacecraft is treated as a single rigid
body with unknown inertial parameters. The dynamic model of the spacecraft
attitude system is described in detail in Appendix A.

In this study, the reinforcement learning algorithm is trained in simulation
rather than directly on the physical spacecraft, yielding an initial stabilizing
control policy represented by the actor network. During operation, the learned
policy is deployed as a feedback controller that generates control inputs based
on the observed spacecraft states. Pre-training in simulation improves safety
and stability by avoiding the need to start from an untrained policy on the real
system. In this training stage, the critic match loss landscape can also be used
to analyze the evolution of the critic optimization and the associated control
behavior, providing insight into the learning process before deployment.

During training, the RL agent interacts with the spacecraft dynamics
simulation module to generate state-action-transition samples. These
transitions are stored in a replay buffer and reused for mini-batch updates
following the off-policy training scheme of SAC. Therefore, the training process
does not assume prior knowledge of the spacecraft dynamics. The critic and
actor networks are learned directly from interaction data.

Unless otherwise specified, the general simulation settings for the spacecraft
attitude control experiments are summarized below. The spacecraft attitude
control policy was trained using the Soft Actor-Critic (SAC) algorithm from
the Stable-Baselines3 library [15]. The simulation environment was the




68 3. Method adaptation to off-policy reinforcement learning control

quaternion-based attitude dynamics model described in Appendix A. The SAC
agent used the default multi-layer perceptron (MLP) policy network. The
training was run for a total of 2 x 10° time steps, with the simulation time
step set to 0.02s. Two Q-networks were used, each with two hidden layers of
256 units and RelU activation. The policy was evaluated every few thousand
steps during training to ensure stable learning. After training, the final policy
was tested in a deterministic rollout of 500 simulation steps, and the resulting
quaternion, angular velocity, and control torque histories were recorded for
analysis.

Regarding the inertia parameters of the spacecraft, in practical ADR missions,
the combined spacecraft’'s inertia is often uncertain due to the unknown
mass distribution of the captured target. Here, the control problem is
formulated as stabilizing a rigid spacecraft with unknown inertia. The
model-free reinforcement learning algorithms do not require knowledge of the
inertia matrix, learning the policy through interaction with the dynamics. For
simulation, a fixed inertia matrix with J = diag(3.0, 2.0, 1.0) kg - m? is used to
generate state transitions, but this information is not given to the learning
algorithm.

The simulation used a fixed integration step size At = 0.02 s. The target
attitude was the unit quaternion quge = [1. 0, O, o', corresponding to zero
rotation, and the target angular velocity was @ure = 0 rad/s. The initial state
was set to a small rotation of 0.2 rad about each Euler axis, with an initial
angular velocity @(0) = [0.1, 0.2, —0.1]" rad/s.

The control torque was bounded by |jull < 5.0 N-m. The reward function and
its error terms were defined as

r = —(Ian €at + Keate Crate + Ieorque etorque)’ (3.11a)
ew=1-qp. (3.11b)
e = [|@ ~ Guarger]|” - (3.110)
€torque = [lull” . (3.11d)

where r denotes the instantaneous reward, and ey, €ue, and egque represent
the attitude, angular rate, and control effort errors, respectively. The weighting
coefficients kuy, ke, and kiorque determine the relative importance of each error
term in the total reward. Here, qo is the scalar part of the unit quaternion
q = [q. q1. g2, g3]7 representing the spacecraft attitude, @ is the body angular
velocity vector, @ is the desired angular velocity, which is set to zero for
attitude stabilization control, and u is the control torque vector applied to the
spacecraft. This setup was chosen to encourage accurate attitude tracking with
minimal rate deviation and control usage.

The weighting coefficients values are kg = 10.0, ke = 1.0, and kiorque = 0.1.
The coefficients are selected to reflect the control priorities of the spacecraft
stabilization task. The attitude error term is assigned the largest weight to
ensure that the learning process primarily focuses on reducing orientation
error. The angular rate term provides damping and encourages the system to
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approach the equilibrium with small rotational velocities, preventing oscillatory
behavior. The torque penalty term is introduced with a smaller weight to
discourage excessive control effort and to keep the learned policy within
actuator limits.

In practice, the weights were chosen so that the three error terms have
comparable numerical magnitudes during nominal system responses, while
maintaining the dominance of the attitude stabilization objective. Preliminary
simulations were conducted to verify that the selected weights lead to stable
learning and effective closed-loop regulation.

3.4. CRITIC MATCH LOSS LANDSCAPE VISUALIZATION RESULTS

This section presents the critic match loss landscape analysis across multiple
control scenarios to examine its interpretive capability and methodological
scope. We first demonstrate the landscape corresponding to a convergent
SAC control case, followed by a comparison between convergent SAC and
divergent ADHDP to highlight structural differences under distinct learning
paradigms. Next, a divergent SAC case is analyzed together with temporal
landscape snapshots to investigate instability events during training. A direct
comparison between convergent and divergent SAC cases is then conducted
to examine how critic optimization trajectories differ under successful and
unsuccessful control outcomes. Finally, we clarify the interpretation scope
and methodological boundaries of the proposed visualization framework as
a geometric diagnostic tool for critic optimization behavior. It needs to be
mentioned that, in the experiment, both the visualization and the quantitative
indices computation use a scaled loss to improve numerical readability. Since
the scaling is linear, it does not alter the geometric characteristics of the loss
landscape.

3.4.1. FINAL CRITIC MATCH LOSS LANDSCAPE OF CONVERGENT SAC CONTROL

For the simulation of convergent SAC control, the main hyperparameters
followed the default values in Stable-Baselines3: a learning rate of 3 x 1074,
a replay buffer size of 10%, a batch size of 256, y = 0.99, Ttarget = 0.005, and
automatic entropy tuning enabled. Actor and critic networks were updated at
every step with 1 gradient iteration.

Figure 3.2 shows the spacecraft system performance and the training process
of the SAC algorithm. From Figure 3.2a, it can be seen that the quaternions
are stabilized around the given control target, which is [1, 0, 0, 0]". Under the
given control torque limit, the angular velocity is decreased from the initial
state to around zero. These results confirm that the SAC policy successfully
achieves stable spacecraft attitude control.

From Figure 3.2b, it can be seen that the reward is accumulated through
training. The critic loss, which is initially large and fluctuating, gradually
decreases and stabilizes, reflecting the convergence of Q-value estimation under
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the entropy-regularized objective of SAC. The training behavior demonstrates
effective policy learning and critic approximation during training.

Using the method in subsection 3.2.3, the loss landscape under the final
policy is generated for the SAC control process in section 3.3. To illustrate the
result, only one critic network is selected to show the loss landscape during
training. The weight is saved every 5000 steps during training. Data with batch
size of 64 is generated as the final rollout after training is finished. Following
this setting, the loss landscape of SAC algrotihm is shown in Figure 3.3.

3D Critic Match Loss Landscape (PC1=71.3%, PC2=14.3%)

2D Critic Match Loss Landscape
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Figure 3.3: Final 3-D and 2-D loss landscape of convergent spacecraft attitude
SAC control

From Figure 3.3a, we can see that, the 3D loss landscape of SAC exhibits a
broad, smooth basin with gentle curvature. It means small perturbations of the
critic parameters produce limited variation in the match loss. This structure
indicates robust convergence and insensitivity to local noise, which is benefited
from the batch learning and entropy regularization technique that SAC employs.
Figure 3.3b illustrates the optimization path of the critic parameters over
training. The trajectory lies in a continuous valley. The earlier iterations span in
a wider region, while the later path converges into a narrow and stable zone.
This evolution is consistent with the critic loss curve in Figure 3.2b, which also
shows steep loss reduction in the early stage and stabilization near the bottom
of the basin.

3.4.2. LOSS LANDSCAPE COMPARISON BETWEEN CONVERGENT SAC CONTROL
AND DIVERGENT ADHDP CONTROL

Using the same critic match loss landscape construction framework, Figure 3.4
illustrates the 3-D loss landscape and the 2-D loss path resulting from
applying the ADHDP algorithm to the spacecraft attitude system using with
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Figure 3.4: 3-D and 2-D loss landscape of spacecraft attitude ADHDP control

quaternion expression. The control results corresponding to the ADHDP critic
loss landscape are shown in Appendix C.

Table 3.1 shows the quantitative indices values of the landscapes of SAC
and ADHDP algorithm on the spacecraft attitude control problem. p value for
calculating sharpness is selected as 0.25. The e value for calculating basin area
is selected as 0.1.

Table 3.1: Quantitative loss landscape comparison between SAC and ADHDP

Metric SAC ADHDP
Sharpness (Sharp,) 0.725596 0.108401
Basin (A,) 1252.259644 Non-existent

Local anisotropy (log ) 3.718889 10.390625

From the comparison between SAC’s critic match loss landscape and ADHDP’s
landscape, there are three aspects that indicate obvious differences in the
landscape of SAC algorithm and ADHDP algorithm.

The first aspect is the PCA range and the range of the optimization trajectory.
For the ADHDP landscape, the small changes in the PCA direction indicate that
the main direction of weight changes is relatively limited. It oscillates within a
narrow parameter space. This often suggests limited exploration or oscillation
within a restricted parameter manifold. In contrast, for the landscape of SAC
algorithms, it has larger spans of weight updates in the main direction. The
stronger contributions from the PCA principal components indicate that the
network has explored a wider range of weight spaces and ultimately reached
a low-loss region. Rather than indicating successful control solely through
span magnitude, this difference highlights distinct optimization behaviors under
online and replay-based training mechanisms.
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The second aspect is the curvature and structure of the loss landscape. The
ADHDP loss landscape exhibits sharp curvature and irregular contour shapes.
This observation is consistent with the quantitative metrics in Table 3.1. The
relatively high local anisotropy value logx = 10.39 indicates strong directional
imbalance in curvature, meaning that gradients can change abruptly depending
on direction. Moreover, the absence of a well-defined basin suggests that no
stable low-loss region is formed. Together, these characteristics reflect unstable
gradient behavior and sensitivity to perturbations during training. By contrast,
the SAC loss landscape shows a clear concave structure with a single valley.
Within this valley, the surface is relatively flat and wide. From Table 3.1, this
valley has a large basin area with A, = 1252.26 and a much lower anisotropy
value with logx = 3.72, indicating more balanced curvature across directions.
Although the sharpness value of SAC is higher than that of ADHDP, it is linked
with a structured descent toward a well-defined basin rather than irregular local
fluctuations. Such a geometry is linked with a more structured optimization
region under the frozen-target objective, where parameter updates are less
sensitive to directional imbalance compared to the ADHDP case.

The third aspect is the range of the loss. In the loss landscape, the scale
of variation between the highest and lowest loss for the ADHDP algorithm is
considerably smaller than that for the SAC algorithm. It means that, during
training of the ADHDP algorithm, it explores within a limited zone, of which
the loss is not so much different. However, for the SAC algorithm, the large
changes in loss indicate that the optimization goes through a more complete
procedure, which reflects a more extended scan of the solution subspace. It
has to be noted that, the presence of negative values in the normalized loss
surface of ADHDP indicates that the final critic parameters are not located at a
local minimum within the scanned subspace. Consequently, the loss landscape
does not exhibit a closed basin structure around the final point.

These results show that the proposed critic match loss landscape visualization
method remains applicable in the off-policy reinforcement learning setting. The
smooth basin revealed in the SAC critic match loss landscape corresponds to
a smooth optimization region and a convergent critic approximation, which is
consistent with SAC’s replay-based updates and target smoothing technique.
In contrast, the sharper geometry observed in the ADHDP landscape shows
the sensitivity of online adaptive learning to data noise and unstable target
updates. The comparison between the two algorithms shows that the proposed
visualization method can interpret the critic learning stability for actor—critic
reinforcement learning algorithms. It also demonstrates that the method
remains effective across different training paradigms.

3.4.3. TEMPORAL EVOLUTION OF CRITIC OPTIMIZATION OF DIVERGENT SAC
CONTROL

The geometric characteristics of critic optimization of the convergent SAC case
under the proposed visualization framework is illustrated in subsection 3.4.1.
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To further examine how the critic match loss landscape behaves under different
training outcomes within the same algorithmic structure, we next consider two
divergent SAC cases obtained under altered training conditions. To investigate
how the geometry develops over time, critic match loss landscapes are
constructed at multiple training stages. The temporal evolution of the projected
critic parameter trajectory is then examined to reveal changes in optimization
behavior as divergence emerges.

For the divergent-control experiments, the learning rate was increased to
2 x 107!, the replay buffer size was reduced to 5 x 102, and the batch size was
set to 16. A large discount factor y = 0.999 and a fast target update coefficient
Ttarget = 0.999 were used. Entropy regularization was fixed to 107® without
automatic tuning. Actor and critic networks were updated at every step with 10
gradient iterations. This configuration produced divergent attitude responses.

DIVERGENT SAC WITH CRITIC PARAMETER DIVERGENCE

We now examine a divergent SAC realization in which critic instability develops
with pronounced parameter divergence. While the algorithmic structure
remains unchanged, this training outcome exhibits fundamentally different
optimization behavior within the critic network.

Figure 3.5 shows the final rollout trajectory of the attitude system and the
training curves. From the closed-loop perspective, the final rollout demonstrates
clear failure of attitude stabilization. The attitude angle error increases over
time rather than converging toward zero, and the angular velocity components
do not decay. The control torque signals do not form a stabilizing feedback
pattern, indicating that the learned policy fails to stablize the spacecraft
dynamics. The scalar training curves further reveal instability. The critic
loss grows to extremely large magnitudes during later stages of training, and
the reward does not exhibit sustained improvement. Figure 3.6 illustrates
the critic weight and actor weight update with training steps. Consistently,
the critic weight norm increases almost monotonically throughout training and
reaches a significantly larger scale than in the convergent case. In contrast,
the actor weight norm grows more moderately and eventually stabilizes. This
divergence of critic parameter magnitude suggests directional runaway rather
than bounded oscillation. However, scalar curves alone do not reveal along
which parameter directions this instability develops, nor how it relates to the
geometry of the optimization landscape.

The final 3D critic match loss landscape in Figure 3.7a provides essential
geometric insight. Under the frozen-target approximation, the surface does not
exhibit a well-defined closed basin structure. Instead, it resembles a strongly
anisotropic slope or ridge extending along the dominant principal direction.
The PCA variance analysis indicates that the first principal component accounts
for 96.5% of the total variance, while the second component contributes only
marginally. This extreme dominance of PCl implies that critic parameter
evolution is effectively confined to a nearly one-dimensional subspace. In such
a geometrically degenerate setting, parameter updates are driven primarily
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Figure 3.6: Critic and actor weight with training steps for SAC with divergent
critic

along a single direction. If this dominant direction does not correspond to
a stable descent toward a basin, persistent amplification along it can lead to
uncontrolled parameter growth. Importantly, this near one-dimensional update
behavior is not directly observable from the scalar weight-norm curve. It
becomes evident only through the PCA structure of the loss landscape.

The corresponding 2D projection in Figure 3.7b further clarifies the parameter
evolution. The loss contours lack closed low-loss regions indicative of a stable
basin. The projected critic trajectory spans a large distance primarily along the
PC1 direction, with limited variation along PC2. Rather than exhibiting discrete
regime transitions between separated clusters, the trajectory displays sustained
directional drift. This behavior is consistent with the PCA variance structure
and explains the monotonic increase in critic weight norm that the optimization
process is not exploring multiple regions of the landscape, but instead being
progressively driven along a dominant and geometrically sensitive axis.

To interpret the temporal snapshots in Figure 3.8, it is important to recall
that the PCA plane is constructed using critic weights collected over the entire
training process. All snapshots are therefore projected onto a common global
coordinate frame, ensuring comparability of trajectory evolution. The reported
variance ratio remains constant across snapshots.Because this global PCA
basis is influenced by late-stage parameter excursions, early-stage grid points
may include regions far from the contemporaneous parameter neighborhood.
Consequently, the temporal interpretation should not rely on absolute colorbar
ranges. Instead, emphasis is placed on trajectory alignment and geometric
structure. Figure 3.8 demonstrates temporal snapshots of the critic match loss
landscape which are generated at 20k, 50k, 100k, and 200k steps. Across
snapshots, the critic trajectory continues to move along the same dominant
principal direction, without forming a closed basin, suggesting sustained
directional growth rather than stable convergence.

Overall, the final and temporal critic match loss landscapes of the divergent
SAC control with divergent critic parameters demonstrate that when the critic
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Figure 3.7: 3-D and 2-D loss landscape of divergent spacecraft control under
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match loss landscape exhibits strong anisotropy and effective dimensional
collapse in parameter space, critic optimization may become unstable and lead
to runaway parameter growth. In this case, the geometrically degenerate
structure of the frozen-target landscape aligns with divergent critic parameters
and closed-loop control failure. The critic match loss visualization therefore
serves as a geometric diagnostic tool, revealing structural instability in the
critic optimization process that is not directly visible from scalar training curves
alone.

DIVERGENT SAC WITH CRITIC PARAMETER CONVERGENCE

In the divergent SAC case, as indicated by Figure 3.9a, the spacecraft attitude
does not converge to the desired equilibrium. The final rollout shows that the
attitude angle error increases over time rather than decreasing. The angular
velocity components do not decay toward zero, and a clear drift is observed
along the z axis, or the ng axis as mentioned in Appendix A. The corresponding
control torque remains close to its boundary for periods, indicating that the
learned policy does not establish a stabilizing feedback law. Closed-loop control
therefore fails.

The scalar training curves in Figure 3.9b provide additional evidence of
instability. Although the critic loss eventually decreases to a relatively small
value, several pronounced spikes occur during training. One large spike
appears around 30k steps, and another significant excursion is observed near
100k steps. These spikes are substantially higher than surrounding values
and reflect abrupt transitions in critic update dynamics rather than gradual
convergence. The reward curve also remains persistently unfavorable, without
a clear monotonic improvement trend.
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Figure 3.8: Snapshots during training of 3-D and 2-D loss landscape of divergent
spacecraft attitude control under SAC with divergent critic
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To interpret these behaviors from the perspective of critic optimization, the
critic match loss landscape is evaluated at the final stage, which corresponds
to 200k steps, under a fixed replay batch and frozen target. As indicated
by Figure 3.10, the final landscape exhibits broad smooth regions in the PCA
plane together with steep high-loss walls in certain directions. The projected
critic parameter trajectory does not form a single continuous curve. Instead, it
appears separated into distinct clusters with large spatial gaps between them.
The presence of separated clusters suggests that the critic underwent multiple
discontinuous transitions during training rather than evolving smoothly toward
a single stable region.

Importantly, the final landscape topology itself does not appear fundamentally
different from convergent SAC cases. The failure therefore cannot be attributed
to a rugged critic geometry. Instead, instability arises from discontinuities in
the optimization path. The critic evolves across separated regions of the critic
match loss landscape, leading to regime shifts that are not apparent from
scalar loss values alone.

To further examine the optimization dynamics, Figure 3.11 demonstrates
temporal snapshots of the critic match loss landscape which are generated at
20k, 50k, 100k, and 200k steps. The temporal sequence of critic match loss
landscapes provides insight into the evolution of critic optimization geometry
under the frozen-target approximation.

3D Critic Match Loss Landscape (Final (200k steps), PC1=67.3%, PC2=14.3%)
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Figure 3.10: 3-D and 2-D loss landscape of divergent spacecraft attitude control
under SAC with convergent critic

Figure 3.11 further clarify this mechanism. At 20k steps, the trajectory
remains concentrated within a compact region of the PCA plane, indicating
coherent parameter refinement. Around 50k steps, following the first major
critic loss spike in the scalar critic loss curve, the projected trajectory
expands and separates into distant regions, suggesting a substantial parameter
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relocation. At 100k and 200k steps, although the overall 3D surface topology
remains qualitatively similar, the trajectory remains fragmented across distinct
clusters. The geometry is largely preserved, but the optimization path becomes
discontinuous.By 200k steps, the clustering pattern persists. The final critic
parameters locate within one geometrically structured region that appears
locally stable under the frozen objective, yet remains disconnected from earlier
regions explored during training. The trajectory history therefore does not
represent a continuous refinement toward a single low-loss basin, but rather a
sequence of regime shifts across the frozen-target geometry.

An important observation is that the global 3D surface topology does
not change dramatically across temporal snapshots, Under the frozen-target
approximation, even when the closed-loop behavior ultimately fails, the critic
often evolves within geometrically structured and locally stable regions. This
suggests that the divergent SAC case may correspond to a geometrically stable
yet ineffective control solution at multiple stages of training.

These observations indicate that, in the case of divergent SAC control with
convergent critic parameters, closed-loop failure does not stem from an ill loss
surface, but from unstable critic optimization dynamics developed as trajectory
discontinuities. The critic match loss landscape therefore provides geometric
context for understanding optimization stability, rather than serving as a direct
predictor of control convergence.

3.4.4. COMPARISON BETWEEN CONVERGENT AND DIVERGENT SAC CONTROL

A direct comparison among the convergent SAC case and the two divergent
SAC cases reveals several important distinctions in critic optimization geometry.

First, the static 3D landscape alone cannot serve as a definitive indicator of
closed-loop success. In both the convergent SAC case and the divergent SAC
case with a smooth critic geometry, the final frozen-target landscape exhibits
broad smooth regions and coherent basin-like structures. The global topology
does not appear pathological in either case. This confirms that a geometrically
structured critic surface does not guarantee successful control.

In the divergent SAC case with divergent critic parameters, the key geometric
feature is strong directional domination. The PCA analysis shows that nearly
all variance is captured by the first principal component, indicating that critic
updates are effectively confined to a single dominant direction. The 3-D
surface resembles an elongated ridge rather than a balanced basin, and the
projected trajectory extends predominantly along this direction. This directional
phenomenon is not evident from the scalar weight-norm curve alone. Only
through PCA variance ratios and 2-D projected trajectories does the underlying
instability mechanism become visible.

In contrast, the divergent SAC case with convergent critic geometry exhibits
a smooth final surface without pronounced anisotropy. However, the projected
trajectory reveals discontinuous parameter relocations across separated regions
of the PCA plane. Here, instability is not caused by geometric degeneration of
the surface itself, but by abrupt transitions in optimization dynamics. These
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transitions may be associated with interactions between critic updates and
other components of the actor—critic architecture, including policy saturation
effects, exploration dynamics, reward scaling, or replay-induced distribution
shifts, which require further investigation.

This distinction becomes clearer when examining weight dispersion in the PCA
plane. In the convergent SAC case, dispersion is moderate and progressively
concentrates within a coherent low-loss region, reflecting stable refinement. In
the divergent SAC case with convergent critic geometry, dispersion appears
as fragmented clusters, consistent with discontinuous parameter relocations
across separated regions. In the divergent SAC case with divergent critic
parameters, dispersion is not clustered but directionally amplified along a
dominant principal component, revealing anisotropic instability. In contrast,
the divergent ADHDP case exhibits narrow dispersion, suggesting limited
weight exploration rather than convergence. These comparisons indicate that
dispersion magnitude alone is insufficient, while its geometric structure and
relation to trajectory continuity determine its interpretive value.

These observations clarify the interpretation of critic match loss visualization.
The method should not be used as a binary indicator of control convergence
based solely on surface shape. Instead, it provides a geometric diagnostic
framework.By integrating the 3-D loss geometry and the projected 2-D
optimization trajectory, the method characterizes the evolution of critic
parameters within the loss landscape. It enables the identification of distinct
optimization patterns, including dominance by a single unstable direction or
fragmentation across disconnected regions. This combined geometric and
trajectory analysis clarifies how the critic evolves during training and explains
the practical value of the critic match loss landscape.

3.4.5. INTERPRETATION SCOPE AND METHODOLOGICAL BOUNDARIES OF THE
FROZEN-TARGET LANDSCAPE

The critic match loss landscape presented in this work is constructed under
a frozen-target approximation. By fixing the replay batch and precomputing
target values, the dynamic Bellman update process is locally transformed into
a stationary surrogate objective. While this simplification is necessary to obtain
a consistent and plottable surface, it introduces an inherent gap between the
static landscape and the fully non-stationary optimization process encountered
during reinforcement learning.

First, the critic match loss evaluated on the frozen-target surface does not
coincide exactly with the instantaneous critic loss recorded during training. The
true critic loss evolves with changing targets, replay distributions, and policy
updates, whereas the match loss is computed under fixed targets associated
with a specific policy snapshot. As a result, the weight trajectory projected
onto the PCA plane does not correspond one-to-one with the scalar critic
loss curve. Nevertheless, the frozen-target landscape remains informative in
revealing structural properties of parameter evolution, such as the presence
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of dominant weight update, clustering behavior, and transitions across regions
of varying geometric sensitivity. Even though the absolute loss values differ,
these geometric events often align temporally with significant fluctuations in
the scalar training curves,

Second, the static landscape does not represent the global loss surface over
all possible policies or target configurations. It reflects only the geometry under
a specific frozen policy and replay batch. Consequently, it cannot evaluate
the critic performance across the full dynamic distribution shift induced by
actor-critic coupling. To partially address this limitation, temporal snapshots
are introduced. By constructing frozen-target landscapes at multiple training
stages, the method captures how the effective local geometry evolves over
time. Although each snapshot remains static, the sequence of landscapes
provides insight into regime transitions and structural stability during training.

The interpretability strength of this frozen-target geometry depends on the
structural complexity of the underlying algorithm. In online methods such
as ADHDP, critic updates are tightly coupled with policy behavior and target
computation, and relatively few auxiliary mechanisms need to be frozen.
Consequently, the frozen-target objective more closely resembles the effective
training objective, and geometric instability of the critic is directly reflected
in control performance. In contrast, SAC incorporates replay buffering, target
networks, twin critics, and entropy regularization, all of which partially decouple
critic optimization from immediate closed-loop behavior. As a result, a larger set
of components must be frozen to define a stationary surrogate objective, and
the geometric stability of the critic under this surrogate does not necessarily
imply control convergence. This difference arises primarily from architectural
complexity rather than from the freezing procedure itself.

In conclusion, these considerations clarify the interpretation scope of the
critic match loss visualization. The static landscape should not be viewed as
a direct reconstruction of the full dynamic reinforcement learning objective.
Although closed-loop performance is governed by broader interactions within
the actor—critic system, the critic match loss landscape serves as a geometric
diagnostic tool that characterizes critic optimization behavior at selected
training stages. Its value lies in revealing structural properties of the loss
geometry, directional dominance in parameter updates, and discontinuous
transitions in weight.

3.5. VALIDATION ON BENCHMARK SYSTEM

To validate the proposed critic match loss landscape visualization method for
off-policy reinforcement learning algorithms, the continuous cart-pole system is
selected as a benchmark to further demonstrate the interpretation procedure
of the method.

The dynamics of the continuous cart-pole system is given in detail in B.
The system was trained using the Soft Actor-Critic (SAC) algorithm from
the Stable-Baselines3 library [15]. The actor and critic networks adopt the
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default multi-layer perceptron (MLP) architecture with twin Q-functions and a
stochastic Gaussian policy. Automatic entropy tuning is enabled to adaptively
adjust the temperature parameter. The learning rate is set to 3 x 107 for all
networks. Training is performed for 5 x 10* interaction steps with simulation
step size 0.02s. A replay buffer of size 10° stores past transitions, from which
mini-batches of 256 samples are drawn. Learning begins after the first 10°
collected samples. The discount factor and soft target update coefficient are
chosen as 0.99 and 0.005, respectively, and one gradient update is executed
per environment step.

To encourage stable upright balancing and smooth control, a quadratic
cost structure is adopted. Let the system state be s = [y, ¥, h,h]T and the
normalized control action be a. The instantaneous cost is defined as

ho\2
) + w;,h® + wya®, (3.12)

ax

c(s,a) = wl,,l,u2 + wl;,l,'u2 + wh(

where y and  are converted to radians, hy.x denotes the track limit, and
wy,, Wy, Wh, Wy, Wy, are positive weighting coefficients.
In this work, the weights are empirically selected as

wy, =5.0, wy=0.1, w,=10 w;,=0.1, w,=0.0l. (3.13)
The reward is defined as the negative cost,
r(s,a) = —c(s, a), (3.14)

which encourages the pole to remain upright, suppresses excessive velocities,
keeps the cart near the center of the track, and penalizes aggressive control
inputs.
Additionally, a large terminal penalty is imposed when safety limits are
violated,
Tfail = -50, (315)

if |h| > hmax OF || > wimax. This extra penalty provides a strong learning signal to
discourage failure states.

After training, the learned policy is evaluated using a deterministic rollout
of 500 simulation steps. The resulting pole angle, angular velocity, cart
displacement, applied control forces and the training curves are shown in
Figure 3.12.

The training curves of the SAC algorithm on the continuous cart-pole system
are shown in Figure 3.12b. The reward rapidly increases from large negative
values and stabilizes near zero, indicating successful pole stabilization and
cart position regulation. Meanwhile, the critic loss decreases monotonically
during the early training phase and gradually converges to a small and stable
range without significant oscillations. This behavior suggests stable critic
approximation and consistent Bellman error minimization.

The final rollout of the cart-pole system further confirms successful control
performance. The pole angle remains close to the upright equilibrium, the cart
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Figure 3.12: SAC control results for cart-pole system
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position stays within bounded limits, and the control force remains finite and
well-regulated. These results demonstrate that the SAC algorithm achieves
stable convergence in this benchmark environment

The corresponding critic match loss landscape is presented in Figure 3.13.
Similar to the convergent spacecraft case, the loss surface exhibits a clear
concave valley structure with a well-defined low-loss basin. When projected
onto the PCA plane, the recorded critic weight trajectory exhibits a gradual
progression toward the low-loss region defined by the frozen-target objective,
with the final parameters situated inside the basin. The surface curvature is
smooth and does not display irregular spikes or fragmented contour patterns.

Although the cart-pole system differs significantly from spacecraft attitude
dynamics in state dimension and physical structure, the geometric characteris-
tics of the critic match loss landscape remain consistent with those observed in
the convergent spacecraft case. This consistency suggests that the relationship
between landscape geometry and critic convergence is not specific to a
particular dynamical system, but reflects a more general property of stable
off-policy actor-critic training.
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Figure 3.13: 3-D and 2-D loss landscape of cart-pole SAC control

3.6. CONCLUSION

Off-policy reinforcement learning has a different structure from online
reinforcement learning in data flow and target calculation in TD error. This
work adapts the critic match loss landscape visualization method originally
developed for online reinforcement learning to the off-policy reinforcement
learning framework by explicitly addressing differences in data flow and
target construction. The Soft Actor-Critic (SAC) algorithm is adopted as the
demonstration case of the adapted critic match loss landscape method for off-
policy RL. By applying SAC to the spacecraft attitude control problem, the critic
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match loss landscape is reconstructed and compared with that of the ADHDP
algorithm using sharpness, basin area, and local anisotropy metrics, together
with temporal landscape snapshots. The results show that the convergent SAC
case exhibits a coherent basin structure under the frozen-target objective, while
the ADHDP case presents sharper and more irregular geometry. The divergent
SAC case further demonstrates that geometric stability of the critic under the
surrogate objective does not necessarily guarantee closed-loop convergence,
reflecting the influence of broader algorithmic interactions. Overall, the
proposed visualization framework serves as a geometric diagnostic tool for
interpreting critic optimization behavior. Although it does not reconstruct
the full non-stationary training objective, it provides a consistent approach
for analyzing structural properties of critic learning across both online and
off-policy actor—critic algorithms.
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APPENDIX A: ATTITUDE DYNAMICS OF SPACECRAFT WITH

UNKNOWN INERTIA

in this chapter, a body-fixed reference frame 8 is defined at the center of mass
of the combined spacecraft, with its axes aligned to the principal directions
of inertia. An Earth-Centered Inertial (ECI) frame N is also defined, with unit
vectors {n;,ng,ng}. The n; axis points toward the mean equinox, the ng axis
is parallel to the Earth’s rotation axis (celestial north), and ny completes the
right-handed system.

The attitude of the combined spacecraft is represented by a unit quaternion

qo
q1
= Al
q & (A1)
as

which defines the rotation from N to 8. This formulation avoids singularities
and is suitable for cases where the attitude may vary over a wide range. The
angular velocity of the spacecraft expressed in frame 8 is denoted as

G)l-
®=|w]. (A.2)
6)37
The kinematic equation is )
.1 0
4=59¢® _0] (A.3)

where ® denotes the quaternion multiplication.
The attitude dynamics are expressed as

M:Jsc-rb+w><(f]sc‘w) (A.4)

Here, M is the control torque, and J is the inertia matrix of the combined
spacecraft, which is assumed to be unknown.
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APPENDIX B: DYNAMICS OF THE CONTINUOUS CART-POLE CYSTEM

A cart of mass m. moves horizontally along a track, and an inverted pendulum
of mass m is attached to the cart by a frictional pivot. The pendulum is
constrained to rotate only in the plane. An idealized model is assumed in which
the pendulum mass is concentrated at a single point located at the end of a
rigid massless rod of length L.

The upright configuration corresponds to an unstable equilibrium. Without
active control, gravity causes the pendulum to fall away from the vertical
position. Therefore, an external horizontal force must be continuously applied
to the cart in order to stabilize the pendulum. In contrast to the classical
discrete cart-pole benchmark, where the control input takes values from a finite
set, the present formulation adopts a continuous control action. Specifically,
the controller can generate any real-valued force within a bounded interval,
leading to smoother and more realistic actuation.

The system state is defined as

s=[y. . h R, (B.5)

where y denotes the angular displacement of the pole from the upright vertical
direction, ¢ is the angular velocity, h is the horizontal displacement of the cart,
and h is the cart velocity.

The control input is a continuous scalar action

ae[-1,1], (B.6)
which is linearly mapped to the physical force applied to the cart,
fcp = aFmax. (B.7)

where F.x is the maximum allowable force magnitude.
Based on Newtonian mechanics, the nonlinear dynamics of the cart-pole
system are described by

o gsiny + cos l//(—_fcp_rll?:nsm u/) B8

V= l(:_}_mcoszw) ’ (B.8)
3 me+m

.. fop+ml(¢?siny — ipcos

i Jer (p*siny — i w’ (8.9)

me; +m
where g = —-9.8m/s”> denotes gravitational acceleration. Optional viscous or
Coulomb friction terms for both the cart and the pendulum can be incorporated
to account for mechanical dissipation.

The control objective is to learn a policy that continuously generates forces to
maintain g ~ 0 (upright balance), suppress angular and translational velocities,
keep the cart position within track limits and avoid excessive control effort. This
continuous-action formulation enables smoother control signals and provides
a more faithful representation of practical control systems compared with
discrete force switching.
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APPENDIX C: CONTROL RESULTS OF ADHDP FOR THE
SPACECRAFT ATTITUDE SYSTEM
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A L0OSs LANDSCAPE VISUALIZATION
FRAMEWORK FOR INTERPRETING
REINFORCEMENT LEARNING: AN

ADHDP CASE STUDY

Reinforcement learning algorithms have been widely used in dynamic and
control systems. However, interpreting their internal learning behavior remains
a challenge. In the authors’ previous work, a critic match loss landscape
visualization method was proposed to study critic training. This study extends
that method into a framework which provides a multi-perspective view of the
learning dynamics, clarifying how value estimation, policy optimization, and
temporal-difference (TD) signals interact during training. The proposed framework
includes four complementary components: a three-dimensional reconstruction of
the critic match loss surface that shows how TD targets shape the optimization
geometry; an actor loss landscape under a frozen critic that reveals how the policy
exploits that geometry; a trajectory combining time, Bellman error, and policy
weights that indicates how updates move across the surface; and a state-TD map
that identifies the state regions that drive those updates. The Action-Dependent
Heuristic Dynamic Programming (ADHDP) algorithm for spacecraft attitude control
is used as a case study. The framework is applied to compare several ADHDP
variants and shows how training stabilizers and target updates change the
optimization landscape and affect learning stability. Therefore, the proposed
Jframework provides a systematic and interpretable tool for analyzing reinforcement
learning behavior across algorithmic designs.

This chapter is based on the manuscript: J. Liu, J. Guo, and E. Gill, “A Loss Landscape
Visualization Framework for Interpreting Reinforcement Learning: An ADHDP Case Study,”
submitted to Acta Astronautica, DOIl: https://doi.org/10.48550/arXiv.2603.14600.
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4.1. INTRODUCTION

R einforcement learning (RL) algorithms have attracted researchers’ attention
in recent years. They have also been applied in dynamics and control
problems.

Reinforcement learning control algorithms can be used in systems with
uncertainties. For example, in an Active Debris Removal (ADR) mission,
post-capture attitude control of the combined spacecraft encounters the
challenges of system uncertainties, such as uncertain inertial parameters. In
this case, reinforcement learning algorithms [1-3], which rely on the sampled
data during the control process, rather than the model information, have also
been used.

Although reinforcement learning has achieved success in various control
tasks, it doesn’t always perform as expected. RL algorithms are optimized
within a training environment, which is a simulation of a specific physical
system. The learned policies for one RL algorithm may not transfer effectively
to new or slightly different systems [4]. In some cases, even a minor change
in a system parameter can cause a previously well-tuned algorithm to fail
[5]. RL's performance sensitivity to the training environment motivates the
need to interpret the algorithm’s performance. Understanding RL's training
behavior is important for revealing the learning mechanism and thus improving
performance robustness.

Recent studies have explored various approaches to interpret reinforcement
learning behavior in control systems. For instance, some works visualize
the state-action value function to reveal the learned control patterns [6],
while others extract symbolic representations of the policy [7]. Methods
such as sensitivity analysis, Jacobian-based visualization, and Koopman
operator approximation [8] have also been introduced to relate RL policies
to interpretable dynamical structures. In chapter 2, a visualization method
that maps the critic match loss landscape was proposed to analyze the critic
behavior during the training of actor-critic reinforcement learning algorithms.
However, a single loss landscape alone cannot fully capture the interactions
among the modules in the RL agent. Therefore, a more comprehensive and
structured visualization framework is needed to support the interpretation of
training dynamics and performance variations across reinforcement learning
algorithms.

To help demonstrate the interpretation framework, one RL algorithm should be
chosen as the sample. The Adaptive Dynamic Programming (ADP) method was
proposed to obtain nearly optimal control strategies based on reinforcement
learning (RL) and actor-critic (AC) architecture, which has received considerable
attention in the past decades [9-13]. Among the ADP method, action-dependent
heuristic dynamic programming (ADHDP), a form of Q-learning, has been been
applied in post-capture control for the combined spacecraft [14, 15]. A notable
characteristic of ADHDP is that it maintains a simpler structure, which allows
faster training and adaptation in online implementation. On this basis, ADHDP
is considered here to evaluate the potential of online reinforcement learning
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methods for attitude control of rigid combined spacecraft with unknown inertia.

The ADHDP algorithm has shown its usage in the work mentioned above.
Yet in practice, training instablities are often observed. Standard scalar
metrics such as reward or TD error do not reveal exactly why training fails.
These methods don’t give enough information on the training information of
the algorithm. Furthermore, when the ADHDP algorithm is equipped with
deep learning techniques, such as a target neural network and different loss
calculation methods, the underlying training procedure is not carefully studied.
As a result, the ADHDP algorithm is used as a sample to explore how an
interpretation framework can be applied to interpret the training process and
control behavior of the ADHDP algorithm.

In this work, a visualization framework is proposed to interpret the training
behavior of actor—critic reinforcement learning algorithms. The framework
reshapes the critic match loss using the one-step temporal difference (TD) error,
enabling the observation of critic convergence trends throughout training. To
analyze the actor’s adaptation process, an actor loss landscape is constructed to
illustrate how policy updates respond to the critic’s evaluation. A time-TD-actor
weight plot is introduced to capture how the policy evolves with the change of
Bellman error, while a state-TD plot identifies the state regions that contribute
most to TD fluctuations. Together, these visualizations form an integrated
framework for diagnosing the interaction between actor, critic, and TD error
during reinforcement learning training. ADHDP variants with different deep
learning techniques are selected as samples for the demonstration of the
interpretation framework.

In this work, section 4.2 introduces the visualization framework and the
ADHDP variants. section 4.3 presents the visualization results and analysis
for ADHDP variants’ performance using landscape and trajectory analyses.
section 4.4 is the conclusion.

4.2. METHOD

In this section, the visualization framework for interpreting RL algorithms is
introduced. The ADHDP algorithm is also given, which is used as an object to
be interpreted using the visualization framework.

4.2.1. VISUALIZING THE LOSS FUNCTION

In reinforcement learning, neural networks are employed to approximate
functions, using a large number of parameters. The loss landscape, describing
how the loss changes with respect to these parameters, provides insights into
characteristics such as flatness, sharpness, local minima, and saddle points.
Yet, the high dimensionality of the parameter space renders direct visualization
intractable. To overcome this issue, the Contour Plots and Random Directions
method has been introduced [16]. This approach selects two directions, é
and n, and evaluates the loss across the 2-D plane they span. The resulting
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visualization corresponds to a projected slice of the overall loss landscape. The
loss on this plane is defined as

fla, B) = L +ab + Bn), (4.1)

where {* denotes the reference point in the parameter space, and « and 3 are
the step sizes along the two selected directions. The function £ represents the
loss value evaluated at each displaced position. This formulation transforms
the high-dimensional optimization landscape into a three-dimensional surface,
where 6 and n define the two axes, («, ) are the coordinates in this plane,
and f(«, B) represents the vertical coordinate, thereby providing a clear and
intuitive visualization of the loss landscape geometry.

4.2.2. VISUALIZATION TECHNIQUE FRAMEWORK

To give more insight into the performance of the ADHDP algorithm, more
visualization figures are needed, besides the critic loss landscape visualization
method. Here, the visualization technique framework based on subsection 4.2.1
is introduced.

To utilize the loss function visualization technique, four elements are needed
for visualization, which are the recorded parameters, visualization indexes,
batch data, and labels. The selection of these four elements will determine the
meaning of the generated figures. In this work, four indices will be chosen to
visualize the landscape, as shown in Table 4.1

Table 4.1: Summary of visualization indices in the proposed framework.

Visualization
index

Input data

Output figure

Interpretation
focus

Critic match loss
landscape

Actor loss
landscape

Time-TD-actor
weight trajectory

State-TD plot

Recorded critic
weights;
states-action
samples and TD
targets during
training

Recorded actor
weights; frozen
critic as cost
function

Actor weights and
TD errors recorded
across training steps

System states and
TD errors recorded
during simulation

3-D loss surface
over critic weight
space

3-D loss surface
over actor weight
space

3-D trajectory of
actor weight vs. TD
vs. time

2-D plot of state vs.

TD

Evolution of
critic fitting
behavior during
training

Geometry and
quality of the
learned policy

Coupling
between policy
drift and
Bellman error
State regions
that dominate
TD fluctuations
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The four visualization indices involve multidimensional parameters that
cannot be directly plotted. To address this, a general dimensionality-reduction
method is recalled. Following the approach used in chapter 2, the parameters
recorded during training are collected into a dataset, and Principal Component
Analysis (PCA) is applied to extract the dominant directions of variation. The
first one or two principal components directions, which correspond to 6 and
n in Equation 4.1, are then used to form a low-dimensional plane or axis
for visualization. This allows the multidimensional parameter updates to be
represented clearly before introducing the four specific visualization techniques.
For each grid on the PCA plane, its corresponding weight is calculated using

We(a, B) = w." +ab + fBn, (4.2)

where w." denotes the reference critic weight vector, § and n are the two
principal directions obtained from PCA of the recorded parameter trajectory.
The loss value is evaluated on a grid over the coefficients («a, 8).

The first index to be visualized is the critic match loss landscape. As
discussed in chapter 2, the match loss landscape will show the trend of how the
critic loss landscape changes during the training process. Same as the work in
chapter 2, the critic weight at the end of each episode of training is recorded.
The states-action samples and corresponding TD target recorded throughout
training is selected for the calculation of the loss of each grid on the landscape.

Nief

1 St action . ~
Lmacn(@ ) = 71— Y (06", s Wl ) — o)’ (4.3)

ref =1

where J(-; W.(a, B)) denotes the critic network output under the reconstructed
critic weight parameters, y' is the TD target.

The second index to be visualized is the actor loss landscape. To fully study
the training process of the RL algorithm, only showing the trend of how the
critic loss changes is not enough. The actor is also approximated using neural
networks. And it uses the information from the critic network as guidance.
So the training of an actor neural network is also essential to evaluate the
performance of the RL algorithm. With the critic frozen at the end of training
as a surrogate for the cost J(x, u), we define the actor loss over a fixed probe
set of states D as

Lactor(wy) =

1 ~
D );) X, T, (X)), (4.4)
where J(x, u) is the critic output and D is a fixed set of probe states collected
during training.We record the actor parameters w, at the end of each episode.
To visualize the landscape, we evaluate Lior(®) on a 2-D grid in parameter
space constructed around the recorded trajectory, which is the PCA plane of
{w,}, yielding an actor loss surface.

The third index to be visualized is the update of the actor weight with
time and TD error. This index also shows how the actor’'s weight changes
with TD error. The actor’s weight is recorded after several training steps,
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and the corresponding TD error is recorded. Since the actor’'s weight is a
multi-dimensional parameter, the PCA technique is applied. The first main
direction of the weight after PCA is selected for the visualization, together with
time and TD error.

The last index to be visualized is the update of the state trajectory with TD
error. Similar to how the third index is visualized, the states are recorded per
several simulation steps, the corresponding TD error is recorded. PCA is also
applied to the multidimensional states of the dynamic system. Then the states
and TD error can be plotted in the 2-D figure. This visualization helps identify
regions of the state space that contribute most to large TD errors.

4.2.3. ADHDP VARIANTS WITH DEEP LEARNING TECHNIQUES

To demonstrate how visualizing the critic loss landscape can aid in interpreting
online RL algorithms, we take Action-dependent Heuristic Dynamic Programming
(ADHDP) as a representative example. ADHDP is a particular reinforcement
learning framework in which the control and learning objectives are separated
and handled by two distinct neural networks: the actor and the critic, as
illustrated in Figure 4.1 [17]. The critic network is optimized to approximate
the total reward-to-go, serving as a surrogate for the cost function, while the
actor network is trained so that the critic ultimately drives the system toward
minimizing this cost.

Pl P - ‘
X&) | Action LX) critie Jo + ]
Network u(t")’ = Network ‘ -
Je-nyt
———— System  — R*
o]
Figure 4.1: Structure of ADHDP
In ADHDP, the cost function J(t) is formulated as
_ _ N Jc—1
IO = r(t+ 1) +yr(t+2)+---= > Yt + 1), (4.5)
k=1

where r(t + 1) denotes the reinforcement signal (or reward) received by the

system, and k indicates the time steps from instant t. The discount factor y

determines the relative importance of future rewards in the cumulative return.
The prediction error for the critic network, denoted by e, is defined as

ec(t) = [r(t) + yJ(O)] = J(t - 1), (4.6)
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which corresponds to the temporal-difference (TD) error commonly used in
reinforcement learning.

Let w, represent the weight parameters of the critic network. Their update
follows the gradient descent principle. In this study, both the critic and actor
networks are implemented as multilayer perceptrons (MLPs).

Figure 4.1 and Equation 4.6 describe the core of the ADHDP algorithm. The
performance of the ADHDP algorithm will largely depend on the reinforcement
learning techniques employed in the ADHDP algorithm. In this work, four
versions of the ADHDP algorithm are interpreted using the visualization
framework in subsection 4.2.2. The deep learning techniques employed by
each version is shown in Table 4.2.

Table 4.2: DRL techniques applied in each ADHDP variant. The numbering
corresponds to the order of variants discussed in the text.

No. ADHDP variant Target Numeric Huber Target-policy
network cost critic loss smoothing
scaling (TPS)
1 Basic version - - - -
2 With target v - - -
network
3 With training v v v v
stabilizers + TPS
4 With training v v v -

stabilizers only

The simplified version corresponds to the basic ADHDP algorithm described
in chapter 2. The second version introduces a target network for the critic.
The third version builds on the target-network version and further incorporates
two training stabilizers, namely numeric cost scaling and the Huber critic loss.
Target policy smoothing is also applied in this version. The fourth version
removes the target policy smoothing used in the third version while retaining
the two training stabilizers (Huber critic loss and numeric cost scaling).

Below, the DRL technigues employed in the ADHDP variants are introduced.

Target network Taking the critic network as an example, the target network
is used to provide a less chaotic update to the critic network. A soft update
,the Polyak averaging, of the target network is applied in this work. After each
gradient step on the online critic, the target critic is softly updated toward it:

We — (1 — Trarget) We + Trarget We, (4.7)

with @ small target € (0, 1). Smaller target Yields a slower, more stable update.

Numeric cost scaling [18] This technique is defined as one of the two training
stabilizers in this work. We rescale the per-step cost by a positive constant
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scaling factor acest > O:

c = aclost cr, J(x) = ﬁ J(x). (4.8)
Here ¢, denotes the original instantaneous cost at time step t, ¢ is the scaled
cost used in training, J(x) represents the value function associated with state
x, and J’(x) is the corresponding value function under the scaled cost.
Since this is a monotone linear transform, the optimal policy is unchanged.
Only the numerical range of TD targets and gradients is compressed, which
reduces loss curvature and gradient explosions.

Huber critic loss This technique is defined as one of the two training
stabilizers in this work. Critic parameters w, minimize a robust regression
between prediction and target:
%ez’ lel < Knuber, .
Leritic = e = Jy, (x. u) -y, (4.9)
Khuberle| — %Kﬁuber’ lel > Knuber,

where the symbols are defined as follows: y is the target value for the
critic at time step t, typically obtained via bootstrapped estimates or TD
targets. xhuper IS the threshold parameter in the Huber loss that determines the
transition from quadratic (£3) to linear (£;) behavior. e is the prediction error of
the critic, i.e., the difference between the predicted value Jy (x, u;) and the
target y.

Near zero, the Huber loss behaves like the £, loss, promoting smooth
convergence, while in the tails it behaves like the ?; loss, down-weighting
outliers arising from bootstrapping or distribution shifts.

Target-policy smoothing (TPS) [19] When forming the TD target, we evaluate
the next action using a noisy, clipped version of the policy, then feed it to the
target critic:

41 = clip (Vé(xwl) + €noises —Umax, umax), énoise ~ N(O, or%oisel) (4.10)

The TD target is

. ] + yJp(xes1, 1), if not terminal,
Y = (4.11)
¢, + penalty’, terminal.

Here J¢ denotes the slow-moving target critic network obtained via soft
updates. The term e oise represents the policy smoothing noise added to the
next action, which is sampled from a zero-mean Gaussian distribution with
standard deviation onhise. The parameter onoise Controls the magnitude of the
injected noise. I denotes the identity matrix, ensuring that the noise is applied
independently to each action dimension. c; is the scaled instantaneous cost
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used for critic training, obtained from the original cost ¢; through the numeric
cost scaling described previously. The clipping operation enforces the actuator
bounds defined by the maximum control torque uyy,x.

TPS acts as a local averaging operator over the action dimension, reducing
over-estimation bias and spiky curvature in J(x, u) around the greedy action.

4.3. RESULTS FOR DEMONSTRATION OF THE FRAMEWORK

In this section, the spacecraft attitude system is introduced. The control results
of using different versions of the ADHDP algorithm are shown. The control
results will be interpreted using the loss landscape visualization framework.
Raw loss is used in this section to preserve the original landscape geometry for
training behavior interpretation.

4.3.1. ATTITUDE DYNAMICS OF SPACECRAFT WITH UNKNOWN INERTIA

In this study, the combined spacecraft in the ADR scenario is taken as the
control system for testing ADHDP variants. As reviewed in section 4.1, the
combined spacecraft in an ADR mission is subject to multiple sources of
uncertainty. To evaluate the control algorithm for the post-capture phase in a
progressive manner, we begin with the simplest case, where uncertainty arises
solely from the inertial parameters. The following assumptions are made:

* The target is firmly grasped by rigid robotic manipulators mounted on a
rigid servicing spacecraft.

» After capture, all manipulator joints are locked [20].
* The target is rigid, uncooperative, and has no control capability.

Under these conditions, the combined spacecraft can be modeled as a single
rigid body with unknown inertial properties.

In this work, the reinforcement learning algorithm is trained in simulation
instead of on the physical spacecraft. The training process produces an initial
stabilizing control policy represented by the actor network. During operation,
the learned policy is used as a feedback controller that generates control inputs
from the observed spacecraft states. Training in simulation improves safety,
since the real system does not need to start from an untrained policy. In
addition, the visualization framework can be used during training to examine
the evolution of the critic and actor optimization, providing insight into the
learning process before deployment.

A body-fixed reference frame $ is defined at the center of mass of the
combined spacecraft, with its axes aligned to the principal inertia directions.
An Earth-Centered Inertial (ECI) frame N is also introduced, spanned by the
unit vectors {n;,ng,ng}. The nm; axis points toward the mean equinox, ng is
aligned with the Earth’s rotation axis (celestial north), and ny completes the
right-handed triad.
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The spacecraft attitude is represented by a unit quaternion

qo
_ %

a G|’
qs

which specifies the rotation from N to B. This formulation avoids singularities
and is well-suited for large-angle maneuvers. The angular velocity, expressed

in frame B, is denoted as
@1

@3

The kinematic equation of motion is
1
q=—q®[0}, (4.12)

where ® denotes quaternion multiplication.
The attitude dynamics are governed by

M=J. 6+0x(J o), (4.13)

where M is the applied control torque, and J is the (unknown) inertia matrix
of the combined spacecraft.

4.3.2. COMMON SIMULATION SETUP

The following settings are shared across all ADHDP simulations. The integration
step is set to dt = 0.01 s, with 5000 steps per episode and 100 episodes in total.

Regarding the setup of the inertia parameters of the spacecraft, in practical
ADR scenarios, the inertia properties of the combined spacecraft are generally
uncertain due to the unknown mass distribution of the captured target. In
this work, the control problem is therefore formulated as the stabilization of a
rigid spacecraft with unknown inertia parameters. The reinforcement learning
algorithms considered in this study are model-free, meaning that the controller
does not require knowledge of the inertia matrix or other system parameters.
Instead, the control policy is learned through interaction with the system
dynamics. For simulation purposes, however, the spacecraft dynamics must be
generated using a specific inertia matrix. Therefore, a fixed inertia value is
used in the numerical simulations to represent the dynamics of the combined
spacecraft. This inertia value is not provided to the learning algorithm and is
only used within the simulation environment to produce state transitions. The
spacecraft inertia matrix is

1.0 0.02 0.02
J=[0.02 0.8 0.03f,
0.02 0.03 0.9
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and no external disturbance torque is applied. The maximum control torque is
limited to 0.5N-m. The initial attitude corresponds to a 20° rotation about the
axis [1.0, —0.5, 0.2], with zero initial angular velocity. The discount factor is
y = 0.95. Both actor and critic are two-layer MLPs with 64 hidden units, trained
with learning rates of 1 x 107% and 1 x 1073, respectively. Gaussian policy noise
decays from 0.02 to 0.005 over 50,000 steps. The cost are defined using
Equation 4.14,

¢ = T (1 = ) + Keae @11 + Feiorgue M1, (4.14)

with weights coefficients k, = 20.0, ke = 2.0, and Jkiorque = 0.1. Gradients are
clipped at 1.0, and a termination penalty of 300 is applied if the attitude error
exceeds 2.8rad or the angular velocity norm exceeds 8rad/s.

4.3.3. Basic ADHDP

Under the given common simulation setup above, the simulation results for
spacecraft attitude control using the basic ADHDP algorithm are shown below.

With the basic version of the ADHDP algorithm, Figure 4.2 shows the
quaternions, angular velocities, and control torque of the system during the
last episode of training. It shows the failed control result. The torques of the
two axes are almost saturated. With the figures below, the reasons for failure
will be given.

Figure 4.3 shows the loss surface of the basic version of ADHDP during
training. From Figure 4.6a we can see that the critic match loss is sharp in
one direction yet quite flat in another direction. Figure 4.3b shows the actor
loss landscape under the final critic network. The surface is flat in the first
direction, yet it shows a much smaller range of change in the second direction.
It indicates that, under the current critic guidance, a large region of actions
gives equal solutions. This flat valley makes the policy gradient easy to stop
near saturation.

Figure 4.4b shows the mean TD of each episode during training. The TD error
first rapidly increases and then slowly decreases, and finally oscillates around
1.3. It shows no convergence trend. Figure 4.4b shows the first principle of
the actor weight change with time and TD error. It has a variance of 97.2%,
indicating that the weight evolution is almost in a single direction. The curve
increases rapidly in the front part and slows down in the middle and back
parts. It is consistent with the actor surface in Figure 4.3b. The policy drifts in
large steps in the early stage and is limited by the flat valley in the later stage.
Figure 4.4c shows how the first principle direction of states changes with time
and TD. It has an extremely high TD spike at the end of the state, while the
rest of the graph is relatively low. Most states exhibit relatively small TD errors,
indicating that the critic approximates the value function reasonably well in the
commonly visited regions of the state space. However, the extreme PC1 region
shows a sharp TD spike, suggesting that the critic fails to generalize to states
with large attitude errors and angular velocities. The distribution of states
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Critic matching-loss (MSE) Actor loss (frozen critic)
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(a) Critic Match Loss Landscape (b) Actor Loss Landscape

Figure 4.3: Loss surface, basic ADHDP

differs significantly from that of the early training phase, making it difficult for
the critic to generalize.

From the figures above, we can conclude that the failure of this simulation is
caused by the unstable update of the critic net, which leads the actor net to
saturate at the boundary of the flat valley. These two factors together lead to
the divergence of training.

The above analysis indicates that the failure of the basic ADHDP algorithm
is closely related to the instability of the critic update. The TD error exhibits
significant fluctuations during training, and the critic loss landscape shows
strong anisotropy, suggesting that the critic is trained with rapidly changing
targets. Since the actor update directly depends on the critic estimates, this
instability propagates to the actor network and leads to saturation in the flat
valley of the actor loss landscape. To improve the stability of the critic update,
a target network can be introduced in the ADHDP framework. In the following
section, the same diagnostic framework is applied to analyze the training
behavior of ADHDP with a target network and to examine how the target
network influences the critic and actor dynamics.

4.3.4. ADHDP WITH TARGET NETWORK

This variant of the ADHDP algorithm incorporates a target critic network with
Polyak averaging with target = 0.005 to stabilize the critic bootstrap. The actor
and critic networks are otherwise configured as in the common setup. Training
uses a delayed actor update. The actor is updated every 5 steps, starting
after 30000 steps of pretraining freeze. Pretrain freeze is applied in training.
Actor parameters are frozen for the first 10,000 environment steps. Critic trains
normally during this phase. After pretrain freeze, actor is updated only every
10 steps. Gradient clipping with a maximum norm of 1.0 and L2 regularization
Aactor = 0.1 are applied. Exploration noise is applied to the action. Environment
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action noise decays from onoise,init = 0.05 tO Onoise, final = 0.02 over 50,000 steps.

With the version of the ADHDP algorithm with target net, Figure 4.5 shows
the quaternions, angular velocities, and control torque of the system during the
last episode of training. Quaternions and attitude angular velocity trajectories
are still unstable. Control toques still have obvious saturation. The reasons for
the non-convergence will be given.

In Figure 4.6a, it shows that the critic match loss approximates a wide and
shallow bowl, with an upward trend in the front right. In the upper right region
of the critic match loss landscape, small changes in the critic weight can lead
to large changes in the critic match error. In Figure 4.6, it shows that the actor
loss surface exhibits a typical wedge-shaped valley, with a steep slope along
Direction-1 and a relatively flat slope along Direction-2. With a frozen critic, the
actor loss exhibits a strong gradient along one direction but remains nearly flat
along another direction. Under the action cap constraint, the weak gradient
region is easily trapped at the saturation boundary, resulting in near-saturation
of the control torque.

In Figure 4.7a, it shows that the TD error increases rapidly in the early
stages, then slowly decreases to a value that is still high in the middle stages.
Compared to the basic ADHDP version, the TD error fluctuates within a narrower
range throughout the entire process. This indicates that using the target net
can mitigate jitter, but it cannot reduce abnormal TD error to a sufficiently
small value to allow the states to converge to a stable value. In Figure 4.7c,
it shows that the states have a huge spike at the end, indicating that the TD
error becomes extremely large when the system approaches unstable regions
of the state space.

From the visualization framework, the reason for the control failure can be
further explained. The critic match loss landscape in Figure 4.6a becomes
smoother in the loss compared with the basic ADHDP version, which shows
that the target network stabilizes the critic fitting process. However, the
surface still contains a long ridge region where the loss changes rapidly along
one direction. When the actor updates its parameters under this critic, the
policy gradient mainly follows the steep direction of the actor loss surface
while remaining weak along the flat direction, as shown in Figure 4.6. Under
the action cap constraint, this imbalance easily drives the policy toward the
saturation boundary. As a result, the control torques remain close to their
limits, which can be observed in Figure 4.5. Once the system enters these
saturated control regions, the collected samples contain large TD errors, which
further correspond to the spike observed in the state-TD plot in Figure 4.7c.
Therefore, although the target network makes the TD curve smoother, the
geometry of the critic and actor landscapes still leads the policy to saturated
actions, and the closed-loop control eventually becomes unstable.

This consistency among the visualizations shows that the target network
mainly slows down the update of TD targets. It helps to reduce short-term
fluctuation but does not change the overall shape of the loss landscape or the
distribution of the learning signals. From the visualization framework, it can be
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Figure 4.6: Loss surface, ADHDP with target net

seen that the target network makes the training more stable, but it does not
improve the convergence of the algorithm.

Although the target network improves the stability of the critic update, the
previous analysis shows that it does not fundamentally resolve the unfavorable
geometry of the loss landscapes. The critic match loss surface still contains
elongated ridge regions, and the actor loss surface exhibits a strong imbalance
between steep and flat directions. Under the action cap constraint, this
imbalance easily drives the policy toward saturation, which eventually leads to
unstable closed-loop behavior. To further improve the stability of the training
process, additional stabilization techniques are introduced in the next version of
ADHDP. Building upon the target-network framework, this version incorporates
two training stabilizers, namely numeric cost scaling and the Huber critic loss.
In addition, target policy smoothing is applied to reduce the sensitivity of the
critic to small variations in the policy. The following analysis applies the same
visualization framework to examine how these mechanisms influence the critic
and actor training dynamics.

4.3.5. ADHDP WITH TRAINING STABILIZERS AND TARGET POLICY SMOOTHING

Compared with the ADHDP with target net, this variant introduces several
stabilizing and training techniques. It shares the same simulation set up as the
ADHDP with target net, but it has two more stablization techniques and target
policy smoothing. Huber loss for critic is used in this version. Critic loss uses
smooth ¢, Huber loss instead of standard MSE. Cost scaling is also used, which
means that all immediate costs are scaled by factor 10.0 to improve numerical
stability without changing the optimal point.Target action smoothing is also
added. Additive noise on the target action used in TD bootstrap. Smoothing
noise standard deviation oneise, smooth iS Set to 5% of the torque limit used in the
controller..
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With the version of the ADHDP algorithm training stabilizers and target policy
smoothing, Figure 4.8 shows the quaternions, angular velocities, and control
torque of the system during the last episode of training. It shows the failed
control result. With the figures below, the reasons for failure will be given.

Critic matching-loss (MSE) Actor loss (frozen critic)
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Figure 4.9: Loss surface, ADHDP with training stabilizers (Huber critic loss and
numeric cost scaling) and target policy smoothing

In Figure 4.9a, it shows that the critic match loss landscape is more rounded
and blunt compared to the ADHDP with the target net version, with no obvious
long ridges. This indicates that the introduction of the Huber loss formulation
and cost scaling truncates anomalous TD gradients. Together with target policy
smoothing, the gradients in the critic loss landscape become more gentle,
making it easier to learn. In Figure 4.9, it shows that the actor loss landscape
still exhibits a wedge shape, but with a smoother valley. This is consistent with
the smoother and rounder nature of the critic match loss landscape.

In Figure 4.10a, it shows that the TD variation is smaller than that of the
basic ADHDP version and the ADHDP with target net, gradually converging to
smaller values. In Figure 4.10b, it shows that the first direction of actor weight
exhibits a monotonically drifting trend while TD decreases during training. The
PCA variance decreases from 97%, which is the variance in the target ADHDP
version, to 86%, indicating that the weight evolution is still dominated by one
main direction. In Figure 4.10c, medium-sized peaks and a flatter surface are
shown compared to the basic ADHDP version and the ADHDP with target net
version, indicating that extreme endpoints are suppressed by the Huber loss
and cost scaling.

However, the visualization framework also explains why the control still fails.
Although the critic loss landscape in Figure 4.9a becomes smoother and more
rounded after introducing Huber loss, cost scaling, and target policy smoothing,
the global geometry of the landscape still contains a dominant slope along
Direction-1. As a result, the actor loss surface in Figure 4.9b still exhibits a
wedge-shaped valley, although the valley becomes smoother. This means that
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the policy gradient remains much stronger in one direction than in the other.
During training, the actor parameters therefore drift mainly along this dominant
direction, which is consistent with the trajectory shown in Figure 4.10b.
Although the TD magnitude decreases during training, the policy update is still
biased toward this direction and cannot sufficiently explore other directions of
the policy space. Under the torque saturation constraint, this biased update
easily pushes the policy toward the saturation boundary. Consequently, the
control torques remain close to their limits, which can be observed in Figure 4.8.
Once the control inputs approach saturation, the spacecraft states cannot be
corrected effectively and the attitude error gradually accumulates, eventually
leading to divergence of the closed-loop control. This also explains why the TD
curves appear smoother while the system trajectories in Figure 4.8 still fail to
converge.

In conclusion, the Huber loss truncates the gradients of abnormal TD,
significantly reducing the range of TD error and the peaks in state-TD. The cost
scaling technique avoids excessive fluctuations in the loss landscape, making
it easier to train the actor and critic weights. Target policy smoothing makes
the critic loss landscape more rounded and the actor loss landscape more
flat, allowing the TD error to decrease more smoothly during training. The
combined effect of multiple stabilizers improves training metrics. However,
these improvements do not fundamentally change the anisotropic geometry of
the actor loss landscape, which still drives the policy toward saturated actions.

Although the combination of training stabilizers and target policy smoothing
improves the smoothness of the loss landscapes and reduces the TD error
magnitude, the closed-loop control still fails to converge. Since several
stabilization mechanisms are introduced simultaneously in the previous version,
it is important to further examine the specific role of target policy smoothing
in the training dynamics. Therefore, in the next experiment, the target policy
smoothing mechanism is removed while retaining the two training stabilizers,
namely the Huber critic loss and cost scaling. Using the same visualization
framework, the resulting changes in the critic loss landscape, actor optimization
trajectory, and TD distribution are analyzed.

4.3.6. ADHDP WITH TRAINING STABILIZERS

In this version, the target policy smoothing is removed compared with the
version of ADHDP with training stabilizers and target policy smoothing. The
control results and visualization results are shown in the following figures.

With the version of the ADHDP algorithm training stabilizers, Figure 4.11
shows the quaternions, angular velocities, and control torque of the system
during the last episode of training. It shows the failed control result. With the
figures below, the reasons for failure will be given.

In Figure 4.12a, it shows that the critic match loss landscape exhibits a very
sharp and narrow peak, much sharper than the ADHDP version with training
stabilizer and target smoothing. This is due to the sharp terrain induced by the
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Figure 4.12: Loss surface, ADHDP with training stabilizers(Huber critic loss and
numeric cost scaling), no target policy smoothing

deterministic target without target policy smoothing. The actor loss landscape
still exhibits a wedge shape.

In Figure 4.13a, it shows that the TD error varies within a relatively narrow
range and gradually decreases to a lower value during training. This indicates
that the Huber loss and cost scaling still help suppress large TD fluctuations.
However, the loss landscapes reveal that this decrease of TD does not
correspond to a good optimization region. As shown in Figure 4.12a, the critic
match loss landscape exhibits a very sharp and narrow peak, which is much
steeper than the version with target policy smoothing. This sharp geometry
is caused by the deterministic TD target without smoothing. The actor loss
landscape in Figure 4.12b still exhibits a wedge-shaped valley, indicating that
the policy gradient remains much stronger along one direction.

This behavior is also reflected in the training trajectory. In Figure 4.13b, the
TD decreases while the first principal direction of the actor weight gradually
moves toward a single dominant direction. This shows that the actor update
is still biased and does not sufficiently explore other directions of the policy
space. The state-TD relation in Figure 4.13c still contains two clear peaks.
Although the amplitude of these peaks is smaller than in the basic ADHDP and
target network versions, they indicate that certain state regions still produce
relatively large TD errors.

Under this biased update direction, the control policy is gradually pushed
toward the torque saturation boundary. As shown in Figure 4.11, the control
torques remain close to the saturation limit during the last trial. Once the
control inputs approach the limit, the controller cannot generate sufficient
corrective torque to stabilize the spacecraft. As a result, the angular velocity
and quaternion trajectories fail to converge. These observations explain why
the TD curve appears smooth while the closed-loop control still diverges.

In conclusion, after removing target policy smoothing, the critic match loss
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returns to deterministic behavior, causing the spike in the critic match loss
landscape to appear again. However, due to the presence of Huber, cost
scaling, and small noise, the overall TD trend continues to decline. However,
the policy updates guided by this are very stiff, causing the control torque to be
trapped in a near-saturation state. These results clarify the role of target policy
smoothing in the ADHDP framework. While the Huber loss and cost scaling
mainly reduce TD magnitude and suppress extreme TD spikes, target policy
smoothing primarily influences the geometry of the critic loss landscape by
preventing the formation of sharp peaks. However, even with these stabilizers,
the actor optimization remains strongly biased toward a dominant direction,
which ultimately leads to saturation of the control torque and failure of the
closed-loop control.

A comparison across the four ADHDP variants reveals a consistent mechanism
underlying the failure of the closed-loop control. Although the introduction
of target networks, Huber loss, cost scaling, and target policy smoothing
significantly stabilizes critic learning and reduces TD fluctuations, these
improvements do not fundamentally change the optimization geometry of the
actor. In all variants, the actor loss landscape consistently exhibits a strongly
anisotropic wedge-shaped structure, where the policy gradient is dominant
along one direction while remaining weak along others. Under the torque
saturation constraint, this geometry gradually drives the policy toward the
action boundary. Once the control torques approach saturation, the controller
loses the ability to generate effective corrective torques, and the spacecraft
states eventually diverge. These observations suggest that the primary
difficulty of the system does not lie solely in critic instability, but rather in
the unfavorable optimization geometry arising from the coupling between actor
and critic updates. Improvements in critic stability can smooth the TD signal
and reduce short-term fluctuations, yet they do not fundamentally alter the
dominant-direction structure of the actor loss landscape. Consequently, the
learned policy still tends to drift toward the saturation boundary, ultimately
leading to control failure.

The visualization results therefore suggest that further improvements should
focus not only on stabilizing critic learning, but also on improving the geometry
of the actor optimization landscape. Possible directions include introducing
stronger regularization on control effort, adjusting the actor output scaling
relative to the torque limits, or designing objective formulations that penalize
near-saturation actions more explicitly. Such approaches may help reshape
the actor loss landscape and prevent the policy from being trapped near the
saturation boundary while preserving the lightweight online structure of the
ADHDP framework.

From the results discussion above, the following summary can be drawn.
The visualization framework provides a clear view of how different parts
of the actor—critic algorithm evolve during training. The critic match loss
landscape shows how the critic fits the TD targets and whether the critic
optimization reaches a stable region in the parameter space. The actor loss
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landscape reveals the shape of the policy and whether the actor update
follows a smooth direction. The time-TD-actor weight trajectory illustrates
how the actor parameters change together with the TD signal, while the
state-TD plot identifies which system states produce large TD errors. Together,
these visualizations explain how the critic, actor, and system states interact
during learning, and how their coupling influences training stability and control
performance. Through these observations, the influence of different ADHDP
modifications can be directly identified, demonstrating that the framework is
useful for analyzing and comparing reinforcement learning algorithms. This
indicates that the framework provides a practical tool for interpreting the
training behavior of actor—critic reinforcement learning algorithms.

4.4. CONCLUSION

In this work, a loss landscape visualization framework is developed to interpret
the training process of actor-critic reinforcement learning algorithms. The
framework includes four visualization components. The critic loss landscape
shows how the critic fits the TD targets during training. The actor loss
landscape, with a frozen critic, reflects the shape and quality of the learned
policy. The state-TD plot shows which state regions produce large TD errors,
and the actor weight-time-TD plot tracks how the policy changes with the TD
error. Four ADHDP variants are used to demonstrate the framework. The results
show how training stabilizers and target updates change the loss landscape
and affect training stability. The visualizations also show that a small TD error
does not always mean a good policy. Overall, the proposed framework provides
a systematic approach for diagnosing reinforcement learning algorithms and
for understanding how algorithmic design choices influence training behavior
and control performance.
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CONCLUSIONS

This chapter offers a comprehensive overview of the content summary, answers to
research questions and contributions of the PhD research. It further includes a re-
flective discussion on potential directions for future work, emphasizing opportunities
for deeper investigation and continued development arising from the outcomes of this

study.
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5.1. SUMMARY

his dissertation focuses on post-capture control with robotic arms in the con-

text of active debris removal. It employs reinforcement learning to realize
attitude control of the combined spacecraft after capture, and conducts an in-
depth study on interpreting the performance and control results of reinforcement
learning algorithms.

Chapter 1 introduces the background of Active Debris Removal, the motivation
for using reinforcement learning for control and for interpreting RL algorithms,
and a literature review covering ADR missions, conventional control, reinforcement-
learning control, and interpretation methods. Research gaps are identified and
the research questions are stated.

Chapter 2 establishes the critic match loss landscape visualization method. Us-
ing ADHDP as a sample algorithm, the method explains why a single RL algorithm
can exhibit different performance on two systems.

Chapter 3 adapts the method to an off-policy, convergent setting using the Soft
Actor-Critic (SAC) algorithm for the same attitude-control task. By comparing
SAC’s convergent result with ADHDP’s divergent result through their correspond-
ing loss landscapes, the method proves its usage across different RL paradigms.

Chapter 4 extends the method into a broader visualization framework that pro-
vides additional information for interpretation. Applied to several ADHDP vari-
ants, the framework explains the performance differences between variants.

5.2. ANSWERS TO THE RESEARCH QUESTIONS
The research questions proposed in Chapter 1 can be answered.

1. How can the performance of RL control algorithms be interpreted in systems
with uncertainty?

Reinforcement learning (RL) algorithms can be categorized based on how train-
ing data are used during learning. In online RL, the policy is updated directly
from data generated through interaction with the environment during training.
In contrast, some algorithms employ off-policy learning mechanisms that reuse
previously collected data, for example through replay buffers.

Since online RL involves a more direct coupling between system interaction and
policy updates, this study begins with the interpretation of online RL algorithms
and subsequently extends the analysis to off-policy RL methods. Following this
logic, this research question is addressed through two sub-questions:

a. How can an interpretation method be established to analyze the perfor-
mance of online RL algorithms? (Chapter 2)

For actor—critic reinforcement learning algorithms, the critic neural network
represents the value-function approximation that guides policy improvement.
The behavior of the critic therefore reflects the underlying optimization process
of the learning algorithm. Analyzing the critic therefore provides insight into the
learning mechanism and the source of performance differences.
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This work proposes a critic match loss landscape visualization method to inter-
pret online RL. The method constructs a geometric representation of the critic op-
timization process by analyzing the evolution of critic parameters during training.
Specifically, the critic parameters are recorded throughout the learning process
and projected onto a two-dimensional plane obtained through principal compo-
nent analysis (PCA), enabling visualization of the high-dimensional parameter
space.

A fixed-target critic match loss is then defined using the system states from
the final training episode and the corresponding temporal-difference targets. By
combining different critic parameter values projected onto the PCA weight plane,
the critic match loss for each weight combination is evaluated. The resulting 3-D
loss landscape reveals the local geometry of the critic under the selected policy,
while the 2-D optimization path qualitatively illustrates the evolution of training.

To enhance the reliability of the interpretation, several complementary anal-
yses are introduced. Random-direction dimensionality reduction is further em-
ployed to examine the consistency of the interpretation under different projec-
tion directions. Temporal landscape snapshots are further constructed to illus-
trate how the loss landscape evolves during training. In addition, quantitative
analysis of critic trajectory characteristics is performed to support the qualitative
visualization results.

Using Action-Dependent Heuristic Dynamic Programming (ADHDP) as a rep-
resentative online RL algorithm, the proposed framework reveals characteristic
patterns in the critic update process. In particular, it explains why the same RL
algorithm may exhibit significantly different control performance across systems
with different dynamics. Rather than serving as a predictor of closed-loop stabil-
ity, the critic match loss landscape provides a geometric interpretation of critic
optimization dynamics, offering insight into training behavior and the sources of
algorithm performance differences in online RL control under system uncertainty.

b. How can the interpretation method be applied to off-policy RL algorithms?
(Chapter 3)

To extend the established visualization method to off-policy RL, adaptations are
required because off-policy methods differ from online RL in data flow, update
logic, and training structure. The Soft Actor-Critic (SAC) algorithm is selected as
a representative case. Similar to RQ1l.a, critic parameters are recorded during
training and projected onto a two-dimensional plane using principal component
analysis (PCA), enabling visualization of the high-dimensional parameter space.

For off-policy RL, the visualization framework is adapted by fixing both the train-
ing batch and the critic targets based on the final policy. This design is consistent
with SAC’s batch-based learning mechanism and entropy-regularized value for-
mulation with twin critics. With the targets fixed, the critic match loss can be
evaluated over different parameter combinations on the PCA plane, generating a
three-dimensional loss landscape together with the projected trajectory of critic
parameters throughout training.

The resulting visualization enables the analysis of critic optimization behavior
in SAC training. Extensive simulations reveal that the static loss landscape alone
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cannot serve as a solely reliable indicator of closed-loop control performance.
Instead, meaningful interpretation arises from the combined analysis of loss ge-
ometry and the overleaid projected optimization trajectory. Different instability
patterns can be identified through this joint representation. For example, some
divergent cases exhibit strong directional domination in the PCA space, where
critic updates evolve primarily along a single principal direction, producing ridge-
like landscape structures. In other cases, the loss surface remains smooth, yet
the optimization trajectory displays discontinuous relocations across separated
regions of the parameter plane, indicating abrupt transitions in critic updates.

These observations demonstrate that the proposed visualization framework
can diagnose distinct optimization patterns in off-policy RL training. By integrat-
ing the three-dimensional loss geometry with the two-dimensional parameter tra-
jectory, the method provides a geometric interpretation of how critic parameters
evolve during learning and offers a unified perspective for analyzing critic opti-
mization dynamics across different reinforcement learning paradigms

2.How can the method identified in RQ1 be extended into a practical framework
and applied to spacecraft attitude control?

This RQ is addressed through two sub-RQs.

a. Building on RQ1, how can the interpretation method be extended into a
cohesive visualization framework?

The critic match loss landscape method established in RQ1 interprets the be-
havior of the critic in actor-critic reinforcement learning algorithms. However, the
performance of RL algorithms is influenced not only by the critic but also by cou-
pled components such as the actor and the environment dynamics. To provide a
more complete view, this method is extended into a visualization framework that
integrates multiple plots to interpret how these components interact and affect
control performance. The framework contains four plots:

a) Critic match loss landscape. This plot helps explain how the critic network
learns to approximate the cost function during training. It shows whether the
critic reaches a stable fitting region or remains trapped in steep or flat areas of
the loss surface.

b) Actor loss landscape. This plot explains how the critic network fits the TD
targets during training. It shows whether the critic optimization reaches a stable
region of the loss surface and reveals the geometric structure of the critic loss
landscape.

¢) Time-TD-actor weight trajectory. This plot illustrates how the actor weights
change with time and TD error. It provides insight into the relationship between
policy updates and the temporal behavior of the learning signal.

d) State-TD plot. This plot identifies which states contribute most to large TD
errors. It helps locate unstable or poorly learned regions in the state space that
influence overall control performance.

After answering the first sub-question, the second sub-question clarifies how
the framework accounts for the performance of reinforcement learning algo-
rithms.
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b. How can this framework explain performance differences among ADHDP
algorithm variants?

Using ADHDP for spacecraft attitude control as an example, the framework is
applied to diagnose and compare the training behavior and failure mechanisms
of four ADHDP variants: a basic version; a version with a target network; an ad-
vanced version with two stabilizers, Huber loss and cost scaling, together with
target policy smoothing (TPS); and a version with the two stabilizers but with-
out TPS. The visualization results show that the proposed framework can clearly
reveal how each reinforcement learning technique affects the training process
and control behavior. The critic and actor loss landscapes display how the tar-
get network, Huber loss, cost scaling, and TPS modify the shape and smooth-
ness of the optimization surface. The TD- and state-based plots show how these
changes influence the temporal evolution of learning signals and the stability of
the controlled system. For example, the target network makes the TD evolution
smoother but does not change the overall geometry of the loss surface. Huber
loss and cost scaling reduce large TD peaks and produce a more rounded critic
surface, while TPS further stabilizes the actor updates and suppresses action
overestimation. These results show that the framework can visually connect RL
techniques with effects on learning and control performance, making it a useful
tool for understanding reinforcement learning methods and informing analysis.

5.3. CONTRIBUTIONS

CONTRIBUTION 1 A METHOD TO CHARACTERIZE LEARNING DYNAMICS OF ONLINE RL IN
DYNAMICS AND CONTROL

Reinforcement learning can fail to generalize across systems or under parameter
changes. In actor-critic methods, the critic's approximation shapes the actor’s
updates and exploration, so understanding the critic is important for interpret-
ing performance. This thesis proposes a critic match loss landscape visualiza-
tion method to analyze the optimization dynamics of the critic during training.
The method records critic parameters throughout training, projects them onto a
low-dimensional parameter plane using principal component analysis, and eval-
uates a fixed-target critic loss constructed from reference states associated with
selected policies. The resulting three dimensional surface with an overlaid two
dimensional weight path characterizes the progression of training and the local
optimization geometry, including flat regions and sharp valleys. These insights
explain why the same RL algorithm may converge in some systems while exhibit-
ing unstable learning dynamics in others, providing a geometric interpretation of
critic optimization processes in online actor—critic reinforcement learning.

CONTRIBUTION 2 — EXTENSION OF THE VISUALIZATION METHOD TO OFF-POLICY
REINFORCEMENT LEARNING

Based on the established critic match loss landscape method, this study ex-
tends the visualization technique from online to off-policy reinforcement learn-
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ing. The Soft Actor-Critic (SAC) algorithm is selected as a representative off-
policy RL case to demonstrate the method’s adaptability to batch-based and
entropy-regularized learning structures. To accommodate the off-policy train-
ing paradigm, the visualization framework is adapted by fixing both the target
computation and the training batch associated with the selected policy. This
enables the reconstruction of the critic match loss over a principal component
plane, producing a three-dimensional loss landscape together with the projected
trajectory of critic parameters.Beyond methodological adaptation, the extended
framework reveals characteristic patterns in critic optimization behavior during
SAC training. Through extensive simulations, the visualization shows that static
loss surfaces alone cannot determine control success. Instead, meaningful in-
terpretation emerges from the combined analysis of loss geometry and overlaid
projected parameter trajectories. Different instability mechanisms can be identi-
fied, including directional domination of critic updates and discontinuous param-
eter transitions across separated regions of the parameter space. These results
demonstrate that the proposed visualization framework can interpret critic opti-
mization dynamics in both online and off-policy reinforcement learning, providing
a unified geometric perspective for analyzing learning behavior across different
RL training paradigms.

CONTRIBUTION 3 — A SYSTEMATIC FRAMEWORK TO REVEAL THE TRAINING EVOLUTION OF
RL

This thesis develops a visualization framework to study the training process of ac-
tor-critic reinforcement learning algorithms. The framework includes four plots:
a 3-D critic match loss landscape, an actor loss surface with a frozen critic, a 3-D
time-TD-actor weight trajectory, and a state-TD plot. Together, these plots show
how the critic, actor, and TD error evolve during training and allow systematic
comparison between algorithm variants. The framework provides a clear way
to understand training behavior and to evaluate learning techniques beyond the
use of reward curves.

5.4. OUTLOOK

The interpretation framework based on training visualization can help the un-
derstanding of RL algorithms for control and inspire the design of the algorithms.
There are significant opportunities for further investigation, including but not lim-
ited to:

DyYNAMIC VISUALIZATION OF THE LOSS LANDSCAPE FOR RL

Reinforcement learning interacts with the environment and updates online. Data
and targets change during training, and the networks update accordingly. This is
different from supervised learning, where data and labels are fixed. The method
used here is adapted from supervised learning: data, targets, and weights are
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collected at selected training points and projected into one loss landscape to in-
dicate the trend. This projection is informative, but it does not capture the exact,
instantaneous loss because the data distribution and weights are changing.

Future work can focus on dynamic visualization of the loss landscape. For
example, synchronized data-target-weight snapshots are recorded at selected
training times and provide a time-indexed sequence of landscapes with the cor-
responding optimization paths. This shows both the training trend and the actual
loss associated with the data that generated each update, providing a closer view
of how learning evolves evolves as training progresses.

INTERPRETATION FROM THE STABILITY ANGLE

Reinforcement learning for control can be viewed from two angles: the learning
algorithm from the computer science and the closed-loop behavior from dynam-
ics and control. This research adopts a landscape-based interpretation from the
learning side, and also shows system changes through the state-TD plot.

Future work can integrate stability considerations more directly with interpreta-
tion. For example, stability rules or constraints can be included in the controller
design.Their influence can then be observed in the visualization results. Vice
versa, visualization can help explain divergence and guide the design of stabil-
ity rules or training stabilizers. This design loop, design with stability, visualize
the effect, and revise, can support more user-oriented and safety-guaranteed
controller design.

HARDWARE IN THE LOOP DEMONSTRATIONS

Reinforcement learning controllers should be validated in physical experiments.
For post-capture control of the combined spacecraft, a free-floating platform is
needed. The interpretation framework can be used as a means for performance
analysis in these experiments.

When noise, disturbances, and unmodeled uncertainties are present, the vi-
sualization trajectories may differ from simulation. Additional visualization tools
may be developed to handle real data issues, such as time delay, output data
constraint, making the interpretation of physical performance more reliable. Such
tools can support the design and tuning of RL algorithms for dynamics and control
in practical settings.
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