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Abstract

This thesis investigates the combined use of probabilistic trajectory guidance and visual
representation learning for contact-rich robotic assembly tasks employing Reinforcement
Learning (RL). The aim is to improve the robustness and efficiency of RL by integrating learnt
visual cues into Kernelized Guided Reinforcement Learning (KGRL), a framework that com-
bines RL with Kernelized Movement Primitives (KMP). KMP encodes and generalizes motion
trajectories into a probabilistic reference distribution, while KGRL employs these trajectory
priors to guide policy learning via null space actions, whose magnitude is governed by the
demonstration variance, enabling uncertainty-aware exploration. Task-specific Variational
Autoencoders (VAEs) are designed to produce low-dimensional visual latent representations
that improve the state representation of the reinforcement learning agent in varying initial
conditions and geometric uncertainty.

This thesis introduces a Vision-augmented Kernelized Guided Reinforcement Learning
(Vision-KGRL) framework, evaluated on three representative assembly tasks: Peg Insertion,
Gear Meshing, and Nut Threading within the NVIDIA Isaac Lab simulation environment,
using the Factory and Forge benchmark environments. The research findings indicate that
KGRL can be seamlessly augmented with latent visual features while preserving the faster
convergence over unconstrained RL reported in prior work, with this trend becoming more
pronounced in higher-dimensional action spaces.

A thorough series of ablation studies methodically examines the individual and collective
impacts of visual features, force feedback, KMP-based trajectory guidance, and uncertainty-
aware exploration through null space actions. The evaluation compares standard reinforce-
ment learning and KGRL under varying observation modalities, including proprioceptive-only,
force-augmented, vision-augmented, and combined force and vision settings, while also ex-
amining the impact of action space through a comparison of 4D (position and yaw) and full
6D Cartesian control, across the aforementioned assembly tasks. In addition to improved
success rates and convergence behavior, the experiments show that KMP-guided policies
have significantly lower interaction forces on the environment, implying smoother and more
stable task execution. This property makes the approach especially promising for use on real
robotic systems, where limiting contact forces is critical for safe operation.

Overall, the thesis illustrates that Vision-KGRL is an efficient approach for contact-rich
robotic assembly. It shows that combining learned visual representations with trajectory
priors markedly improves learning stability and effectiveness in complex manipulation tasks.

Keywords: Guided Reinforcement Learning; Movement Primitives; Learning from Demon-
stration; Visual Representation Learning; Variational Autoencoders; Reinforcement Learning;
Contact-Rich Assembly; Robot Manipulation.
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1. Introduction

Robotic assembly is a key part of industrial automation and still remains a challenging
problem in robotics. Contact-rich tasks such as peg insertion, gear meshing, and nut threading
require precise alignment, stable force regulation, and accurate motion control under tight
geometric tolerances. Small errors in perception or modeling can cause jamming, too much
contact force, or task failure. Impedance control and hybrid position-force control are two
classical methods that provide stable interaction in structured environments by directly
controlling motion and contact forces [1, 2]. Nonetheless, these techniques rely on precise
modeling and meticulously adjusted control parameters, which constrains their resilience in
the presence of geometric uncertainties and environmental changes [2, 3].

Reinforcement learning (RL) offers a data-driven approach by deriving policies directly
from interactions instead of depending on explicit analytical models of contact dynamics
[4]. In robotic control, initial actor-critic and model-based methodologies illustrated the
feasibility of learning continuous control policies directly from experience [4]. Subsequent
work extended deep RL to contact-rich assembly tasks, incorporating proprioceptive and
force-based observations to learn insertion behaviors without explicit contact modeling [5, 6].
Off-policy algorithms such as Soft Actor-Critic (SAC) further improved stability and sample
efficiency in continuous control through entropy regularization and replay mechanisms [7].

Even with these improvements, using pure RL for precision assembly is still challenging.
Contact-rich manipulation involves discontinuous dynamics at contact transitions, complex
force interactions, and safety-critical exploration. In practice, collecting data is expensive,
designing reward functions is not trivial, and unconstrained exploration can lead to unstable
or unsafe behaviors [6, 8]. These challenges often lead to slow convergence and high variance
in performance when policies are learned without structural guidance.

Imitation-guided reinforcement learning uses structural priors based on demonstrations to
make RL exploration safer and more efficient. Kernelized Guided Reinforcement Learning
(KGRL) [9], built upon Null-Space Kernelized Movement Primitives (NS-KMP) [10, 11],
constrains policy learning using uncertainty-informed movement primitives derived from
demonstrations. RL does not freely explore the entire action space; instead, it operates within
the soft null space of a demonstration-derived trajectory distribution. The variance in the
demonstrations influences exploration and facilitates state-dependent modulation of the
reference trajectory. This probabilistic guidance accelerates and stabilizes policy learning in
contact-rich manipulation compared to unconstrained RL.

Despite these advantages, current KGRL formulations mostly use proprioceptive and force-
based state representations. Visual perception, which is essential for pre-contact alignment
and geometric reasoning, is not explicitly integrated into the demonstration-constrained
learning process.




1. Introduction

At the same time, vision-based RL techniques generally depend on high-dimensional RGB
images, which offer abundant perceptual information but are computationally intensive and
susceptible to fluctuations in object appearance, lighting, or background, thereby complicating
generalization to real-world scenarios [12].

Moreover, vision-driven RL frequently lacks structured guidance from demonstrations,
requiring substantial data collection and exploration in contact-rich settings. This thesis
mitigates this limitation by incorporating learned compact visual representations into the
KGRL framework and methodically examining the impact of various sensory modalities on
policy training. The primary objective is to integrate uncertainty-aware guidance derived from
demonstrations with perception-driven state representations, while systematically comparing
proprioceptive-only, force-augmented, and vision-augmented observation spaces. The aim
is to improve robustness, data efficiency, and task performance in contact-rich assembly by
integrating visual information into a systematic imitation-guided RL framework.

The NVIDIA Isaac Lab simulation framework [13] was used for all of the experiments. It is
a GPU-accelerated robotics simulation platform made for large-scale RL. The assembly tasks
examined in this thesis are taken from the Isaac Lab Factory and Forge benchmark environ-
ments [14, 15], which provide high-fidelity contact-rich manipulation scenarios including
Peglnsert, GearMesh, and NutThread. The Factory environments provide proprioceptive state
observations, while the Forge environments enhance the observation space by integrating
force measurements, allowing evaluation of force-augmented policies.

To encode visual information from these simulation environments, three Variational Au-
toencoders (VAEs) with a latent dimension of 16 were trained for the Peglnsert, GearMesh,
and NutThread tasks. The learned latent representations were integrated into the policy input
within both standard SAC and KGRL frameworks.

A systematic empirical evaluation was performed in simulation across the three tasks and
multiple random seeds. The study compares standard SAC and KGRL across observation
modalities and action spaces, encompassing proprioceptive-only observations (Factory), pro-
prioceptive and force-based observations (Forge), and their corresponding vision-augmented
extensions, as well as reduced 4D control (position and yaw) and full 6D Cartesian control.
The evaluation assesses learning dynamics, convergence behavior, safety, and task success
rates.

The results of the study indicate that incorporating visual perception into a demonstration-
guided RL framework enhances performance and robustness in contact-rich robotic assembly
tasks. In the opposite direction, they also show that the guidance provided by the demon-
strations improves training efficiency of the visuomotor policies, particularly in higher
dimensional action spaces. Together, these observations suggest that visual perception and
trajectory guidance that takes uncertainty into account are two important parts of safe and
efficient reinforcement learning for precision assembly

The primary contributions of this thesis are summarized as follows:

¢ An extension of Kernelized Guided Reinforcement Learning (KGRL) with multimodal
observations for contact-rich manipulation. The framework incorporates proprioception,
force sensing, and compact visual latent representations obtained from task-specific




1. Introduction

Variational Autoencoders into an RL policy constrained by demonstration-derived
movement primitives.

* An empirical validation of enhanced safety! and robustness, illustrating that demonstration-
guided KGRL exhibits lower variance across random seeds and reduced contact forces
compared to standard RL baselines across all evaluated tasks, environments, and action
space configurations.

¢ A systematic analysis of the dimensionality of the action space, comparing reduced
4D control (position and yaw) with full 6D Cartesian control in terms of learning
performance, stability, and safety. The results indicate that KGRL achieves a significantly
higher performance than unconstrained RL in the 6D setting.

¢ A systematic multimodal ablation study that assesses the individual and combined ef-
fects of visual and force observations in four observation configurations: proprioceptive-
only, force-augmented, vision-augmented, and combined force and vision settings.

¢ A comprehensive large-scale evaluation in NVIDIA Isaac Lab, which includes systematic
experiments across Factory and Forge simulation environments on three assembly tasks
of increasing difficulty: Peglnsert, GearMesh, and NutThread.

IThroughout this thesis, the term safety refers to reduced contact forces during RL training and evaluation.
Higher contact forces risk damaging the robot or the assembled components, and policies that produce lower
contact forces are therefore considered safer.




2. Related Work

2.1. Classical Control in Contact-rich Robotic Assembly

Early robotic assembly research used model-based control strategies to address contact
uncertainties in tasks like peg-in-hole insertion [16]. Passive compliance techniques were used
to correct minor misalignments and minimize insertion forces. Although useful in certain
situations, these techniques have limited adaptability beyond their initial design.

Force-based control methods, such as impedance control [1] and hybrid position-force
control [2], adjust stiffness and force in specific directions to regulate the robot-environment
interaction. These methods provide reliable insertion and alignment in structured settings,
but they rely heavily on accurate contact geometry and material property predictions. Their
performance suffers in the presence of model uncertainty or environmental variations.

Pitchandi et al. [17] and Hou et al. [18] used visual servoing with image feedback to improve
alignment. Vision-based pose estimation improves pre-contact alignment by reconstructing
geometric attributes from camera data [19]. However, visual-only techniques often require
precise calibration and stable environmental conditions.

Multi-modal control methods with vision and force sensing have been proposed to improve
robustness [20], [3]. In these systems, vision enables coarse alignment, while force feedback
allows for precise adjustments during contact. Despite improved performance, traditional
multi-modal approaches continue to rely on predefined control rules and precise system
modeling.

Classical control methods provide stability and accuracy in regulated environments, but
they lack the adaptability required for dynamic and changing assembly conditions. These
constraints drive the evolution of learning-based approaches.

2.2. Learning-Based Methodologies for Contact-Rich Manipulation

2.2.1. Reinforcement Learning

Reinforcement learning (RL) allows control policies to be designed through direct interac-
tion with the environment rather than using explicit analytical models of contact dynamics.
Modeling discontinuous contact transitions and complex force interactions is particularly
challenging in contact-rich manipulation. RL offers a flexible alternative to traditional control
techniques [21].

Preliminary techniques included actor-critic and model-based reinforcement learning
algorithms with proprioceptive and force-based state representations [5, 6]. Although these
methods showed that contact-aware behaviors can be learned through interaction, they
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frequently had low sampling efficiency and sensitivity to sensitivity to reward function
design.

Off-policy methodologies, such as Soft Actor-Critic (SAC) [7], improve stability and data
efficiency in continuous control environments by using entropy regularization and replay
buffers. Pure reinforcement learning in contact-rich tasks often requires extensive exploration
and online interaction. In sparse-reward contexts, unregulated exploration can lead to delayed
convergence and dangerous actions [8].

These limitations motivate the incorporation of demonstrations to guide exploration and
improve data efficiency.

2.2.2. Learning from Demonstration and Movement Primitives

Learning from Demonstration (LfD) enables robots to acquire policies from expert-provided
examples [22]. Demonstrations typically consist of state-action trajectories collected during
task execution, with the goal of learning a policy that reproduces the demonstrated behavior.

A common approach to policy learning in LfD is behavior cloning, which formulates
the problem as supervised learning over observed state-action pairs. A parameterized
policy is trained to map states to corresponding expert actions using standard regression or
classification objectives.

Despite its simplicity and effectiveness, behavior cloning is restricted by its dependence on
the distribution of observed states. Specifically, performance can degrade when the policy
confronts states that were not present in the demonstration data, which can lead to cumulative
errors under distributional shift [23].

Trajectory-level representations, including Dynamic Movement Primitives (DMP) [24],
Probabilistic Movement Primitives (ProMP) [25], and Kernelized Movement Primitives (KMP)
[11], cover entire motion trajectories in addition to direct state-action mappings.

DMPs define motions as stable dynamical systems that use learned forcing functions.
ProMPs improve this formulation by preserving a probability distribution across trajectory
parameters, allowing for conditioning and variability modeling. KMP defines trajectory learn-
ing as a kernel-based nonparametric regression problem that allows for smooth interpolation
and adaptation to new task constraints while maintaining demonstration statistics.

Movement primitives provide structured representations of demonstrated motions, but do
not naturally address exploration or long-term optimization in unseen situations, particularly
in contact-rich settings where in-contact behaviors are difficult to capture accurately from
demonstrations alone.

2.3. Guided Reinforcement Learning Utilizing Structural Priors

Many approaches employ structural priors in reinforcement learning to enhance safety
and sampling efficiency in contact-rich manipulation. These structural priors can take
different forms such as engineered controllers [21], simulation-trained policies [12], human
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demonstrations and corrections [26, 27, 28], or probabilistic representations obtained from
demonstrations [29, 9].

Zhang et al. [21] integrated visual and force feedback into a residual reinforcement learning
framework for robotic assembly. The engineered force controller functions as a structural
prior, which reduces exploration complexity and enhances training safety by limiting the
policy to learn only corrective actions. However, the baseline controller is manually calibrated
and may lack generalizability across diverse contact dynamics and material characteristics.

Guo et al. [12] introduced SPARR, which integrates a simulation-trained base policy with a
vision-conditioned residual policy trained on a real robot. The base policy provides guided
exploration, while the residual policy corrects for sim-to-real discrepancies. Nonetheless,
the residual policy is unconstrained by any structure from demonstrations, which could
produce unsafe behaviors. Moreover, the framework relies on the base policy achieving a
sufficient zero-shot success rate, since residual policy training depends on successful base
policy rollouts rather than human demonstrations.

Luo et al. [26] introduced SERL, a software suite designed for sample-efficient real-world
robotic reinforcement learning, which integrates demonstration data with off-policy RL
to develop contact-rich manipulation policies directly on physical robots utilizing visual
observations and sparse rewards. Luo et al. [27] developed HIL-SERL, which integrates
human corrections in the training process. Human operators provide demonstrations and
intervene to correct failures. Their framework achieves near-perfect success rates in dexterous
assembly tasks within one to two hours of practical training. Stranghéner et al. [28] introduced
SHaRe-RL, which integrates the human-in-the-loop reinforcement learning paradigm within
structured manipulation primitives for industrial connector insertion. Scripted primitives
manage repetitive phases, whereas learning focuses on the unpredictable insertion phase,
significantly enhancing performance compared to unstructured human-in-the-loop baselines.
However, none of these approaches constrain exploration by employing the uncertainty
uncertainty structure of the demonstrations.

Davchev et al. [29] introduced residual learning from demonstration (rLfD), integrating
dynamic movement primitives (DMPs) with model-free reinforcement learning for contact-
rich insertion tasks. A DMP base policy is acquired from demonstrations, while a residual RL
policy directly learns corrective actions in task space. They claim that implementing residual
corrections directly in task space facilitates local exploratory behavior, such as jiggling, which
is especially effective for contact-rich insertion. The framework exhibits enhanced sample
efficiency and generalization relative to pure RL baselines. However, exploration is shaped by
unstructured Gaussian noise rather than the uncertainty structure of the demonstrations.

Padalkar et al. [9] introduced Kernelized Guided Reinforcement Learning (KGRL), which
constrains policy learning by using uncertainty-aware movement primitives obtained from
demonstrations. The methodology employs Null-Space Kernelized Movement Primitives (NS-
KMP), as presented by Silvério et al. [10]. Reinforcement learning policy in KGRL operates
within the null space of a trajectory model obtained from demonstrations. Exploration is
shaped by the variance of the demonstrations, which leads to state-dependent modifications
of the reference trajectory while adhering to certain constraints. However, the original KGRL
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formulation considers only proprioception and interaction forces as the policy observation
space, without incorporating any form of visual perception.

Unlike residual reinforcement learning and simulation-based methods, KGRL builds struc-
ture at the trajectory level through probabilistic representations obtained from demonstrations,
facilitating safer exploration with reduced contact forces during the learning process. Both
techniques aim to enhance stability and data efficiency in contact-rich manipulation by
integrating prior structure into reinforcement learning.

2.4. Multi-Modal Reinforcement Learning for Manipulation in
Contact-Rich Environments

Several recent studies have directly integrated visual and force inputs into reinforcement
learning frameworks for robotic assembly tasks, thereby improving accuracy and resilience.

Zhang et al. [21] used visual and force data in their residual reinforcement learning
framework. The baseline controller uses force inputs to ensure alignment and control contact
during assembly, whereas the residual reinforcement learning policy learns corrective actions
to reduce modeling inaccuracies and environmental variations by using visual information.

Ahn et al. [30] proposed an assembly method that combines visual and force data using two
neural network-driven trajectory generators. The image-based trajectory generator generates
motion commands from camera images, whereas the force-based trajectory generator uses
measured force and robot state data. The force-based network is pre-trained using imitation
learning based on hand-guided demonstrations, and then optimized with Soft Actor-Critic
reinforcement learning. The outputs from the two generators are combined to determine the
trajectory of the robot. Experiments with peg-in-hole tasks show that successful assembly
is possible despite significant initial positional and orientational inconsistencies, as well as
diverse part geometries.

Jin et al. [31] presented a vision-force-integrated curriculum learning approach for contact-
rich robotic manipulation. Their approach incorporates visual and force elements into a
curriculum learning framework, gradually increasing task difficulty. The trained policy is
directly transferred from simulation to physical hardware, with no adjustments.

Tang et al. [32] proposed a visual-tactile fusion approach with Soft Actor-Critic reinforce-
ment learning for peg-in-hole assembly environments. Their method combines RGB images,
depth maps, tactile force data, and robotic body pose information using an autoencoder-based
fusion network to produce a multimodal latent representation. The latent representation is
used to train the SAC policy. Experimental results show improved assembly success rates,
shorter task completion times, and higher success rates and task efficiency when compared to
unimodal baselines in various scenarios.

Luo et al. [33] integrated pre-trained visual features obtained from a Variational Au-
toencoder with human demonstrations in their multimodal DDPGfD algorithm, where
demonstrations fill the replay buffer and human corrections resolve failures. Nevertheless,
the policy is not explicitly guided by demonstration trajectories, which could lead to unsafe
behaviors during RL exploration.
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Tang et al. [34] proposed IndustReal, a multimodal assembly framework that integrates
vision-based pose estimation with robot proprioception, where object poses are estimated
using a Mask R-CNN perception pipeline. Despite promising sim-to-real results, the lack of
force/torque feedback means the policy cannot directly sense contact forces, which may limit
robustness in tasks necessitating precise force regulation during insertion.

Guo et al. [12] integrated high dimensional raw RGB image observations into a vision-based
residual RL policy to capture fine-grained visual details, at the expense of handling dense
visual inputs that increase computational complexity and demonstrate sensitivity to variations
in lighting, texture, and scene appearance.

2.5. Research Gap and Thesis Positioning

The literature on contact-rich robotic assembly identifies three main research directions.
Classical control provides stability through analytical models and predefined control laws,
but it lacks adaptability in unpredictable situations and depends heavily on model accuracy.
Pure reinforcement learning allows for flexible policy optimization through interaction;
however, it frequently encounters challenges associated with dangerous exploration and
sample inefficiency in scenarios involving significant contact. Imitation-guided reinforcement
learning attempts to close this gap by utilizing structure derived from demonstrations.

Kernelized Guided Reinforcement Learning (KGRL) [9], based on Null-Space Kernelized
Movement Primitives (NS-KMP) [10], constrains policy learning through uncertainty-aware
trajectory distributions, improving safety and convergence over unconstrained reinforcement
learning. Nonetheless, current KGRL formulations rely primarily on proprioceptive and
force-based state representations, with no explicit incorporation of learned visual features.

Concurrently, vision-based reinforcement learning methods typically use high-dimensional
visual observations to improve perception and alignment. Although these methods provide
a wealth of sensory input, they typically lack structured, demonstration-based constraints,
necessitating extensive data collection and exploration in contact-rich environments.

A research gap appears at the intersection of these research directions. Demonstration-
guided methods allow for structured and uncertainty-aware exploration, but they operate
primarily without learned visual representations. Vision-based RL methods incorporate per-
ception, but rarely uses probabilistic guidance derived from demonstrations. The combination
of visual perception and uncertainty-aware, demonstration-guided RL remains insufficiently
explored.

This thesis fills that gap by combining KGRL with learnt compact visual feature representa-
tions. The goal is to maintain the safety and sample efficiency of Reinforcement Learning,
while allowing for perception-driven adjustments in contact-rich robotic assembly tasks.




3. Background

This chapter gives an overview of the theoretical and mathematical ideas that are needed
to explain the proposed method. It introduces probabilistic modeling of demonstrations, ker-
nelized movement primitives and their extensions, and reinforcement learning preliminaries
for continuous control. The presented concepts establish a common notation and provide the
tools used in the methodology chapter.

3.1. Learning from Demonstrations: Probabilistic Modeling

3.1.1. Gaussian Mixture Models (GMMs)

A Gaussian Mixture Model (GMM) is a probabilistic model that represents a data distribu-
tion as a weighted sum of multiple Gaussian components [35]. For a data point x € RY, the
probability density function of a GMM is defined as

K
p(x) = E 7Tkj\/’(x | His Z:'k)/ (31)
k=1

where K denotes the number of Gaussian components, y; and Xy are the mean vector and
covariance matrix of the k-th Gaussian component, and 7, are the mixing coefficients. The
mixing coefficients satisfy

K
e >0, Y me=1. (3.2)
k=1

Each Gaussian component represents a specific region of the data distribution, and the
mixing coefficients define the contribution of each component to the overall probability
density. By integrating numerous Gaussian components, GMMs may describe complicated
and multimodal distributions in a compact and flexible way.

In robotic skill learning, GMMs are commonly used to simulate the joint distribution of
task-relevant variables, such as position and orientation extracted from the demonstrations
[36]. This probabilistic formulation captures variability across demonstrations and provides
the foundation for generating smooth trajectories through Gaussian Mixture Regression,
which is discussed in the following section.

3.1.2. Gaussian Mixture Regression (GMR)

Gaussian Mixture Regression (GMR) extends Gaussian Mixture Models by enabling the
prediction of output variables given an input by conditioning of a joint probability distribution
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[35, 37]. GMR uses a mixture of multivariate Gaussian components to represent the joint
distribution of input and output variables rather than modeling them separately.

Let x € R% denote the input vector and y € R% the corresponding output vector. Their
joint distribution is modeled as

K (k) (k) (k)
x| | |Hx Lyy Xy

p(x,y) = N ([ ] [ ] , [ ]) , (3.3)
L vl | (] |z =

where 7 are the mixing coefficients, ygk) and ‘uék) are the mean vectors for the input and

output dimensions, and the covariance matrix is partitioned into input, output, and cross-
covariance blocks.

For each Gaussian component, the conditional distribution of the output y given an input
x is obtained using the standard conditioning rule for multivariate Gaussian distributions.
The conditional mean and covariance of component k are given by

k k k k) 1 k
= m + 50 (28) - (x-plY), (3.4)

K _ 50 _5E) (0 5 ®
e (zxx> ). (3.5)

The final regression result is obtained by combining the conditional distributions of all
components, weighted by their posterior responsibilities. The conditional output distribution
is thus expressed as

K
py|x) =Y m(x)N (y w0z, (3.6)
k=1

where the responsibility of component k is defined as

() — N [ 2 -
L mN (|l 2)

The responsibilities act as normalized weighting factors, indicating how much each Gaus-
sian component contributes to the prediction at each given input. As a result, GMR generates
smooth and continuous regression outputs while directly describing uncertainty using ex-
pected covariance.

For computational efficiency, some applications may benefit from approximating the
conditional mixture p(y | x) with a single Gaussian distribution. Moment matching [35]
allows for a common approximation by matching the global mean and covariance of a mixture

to those of an equivalent Gaussian distribution.
(k)
Myl
matched mean and covariance are computed as

(k)

and covariances Zy‘x

Given component means u with responsibilities /i (x), the moment-

K
k
Pyix = ) hk(x)”;p)cr (3.8)
k=1

10
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X ® L 0 (*) T
Z“y|x = k_zl hk(x) (Zy|x + (.uy‘x - ”y|x)(."‘y‘x - ”y|x) ) : (3.9)

This approximation smoothes away multimodal features in the original mixture, but gives
a compact and computationally efficient representation suitable for real-time regression or
control applications.

In robotic skill learning, GMR is commonly used to build motion trajectories from demon-
strations by conditioning on a phase variable like time [36]. This formulation replicates both
the expected trajectory and its associated unpredictability, making GMR ideal for learning
continuous motions from a small number of demonstrations.

3.2. Kernelized Movement Primitives (KMPs)

Kernelized Movement Primitives (KMPs) provide a nonparametric framework for learning
and reproducing robot motions from demonstrations [11]. The central idea is to begin with a
probabilistic reference trajectory extracted from demonstrations and then construct a trajectory
model whose predicted distribution matches that reference trajectory as closely as possible.
In contrast to methods that require manually chosen basis functions in the final prediction
formula, KMP reformulates the problem in a kernel form. This makes it possible to model
complex motion patterns while remaining applicable to high dimensional inputs.

Let the demonstrated dataset be defined as

{{sun Euwntna i, (3.10)

where s, ; € R? denotes the input and &, € R® denotes the corresponding output. Here,
Z and O are the dimensions of the input and output spaces, respectively, while H and N
denote the number of demonstrations and the trajectory length.

A probabilistic reference trajectory is first extracted from the demonstrations. For each
input s,, the corresponding reference output is modeled as a Gaussian distribution

Pl‘(g|s7’l) = N(&’ﬁnl ﬁ?‘l)l (311)

where fi, and £, are the mean and covariance of the reference trajectory at s,,. This reference
trajectory encodes not only the average demonstrated behavior, but also the variability
observed across demonstrations.

KMP starts from the following parametric representation of the trajectory:

E(s) =0(s) w, (3.12)

where w € RB? is a weight vector, and ©(s) € RBO*© is defined by

p(s) 0 0
0(s) = (:) (P(:s) ? , (3.13)
0o 0 - @(s)

11
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with @(s) € R? denoting a B dimensional basis function vector.
The weight vector is assumed to follow a Gaussian distribution,

w ~ N(,uw/ Zw)/ (3.14)

where p,, and X, are unknown. This assumption induces a Gaussian distribution over the
trajectory itself:

£(s) ~ N (8(5) " ©(5) TE0O(s) ) (3.15)

Accordingly, for each input s,, the parametric trajectory distribution is written as

Pp(Elsn) = N (g | @(sn)Tyw,e(sn)Tzw(a(sn)> . (3.16)

The aim of KMP is to determine p,, and X, such that the parametric trajectory distribution
matches the reference trajectory distribution. This is formulated by minimizing the Kullback-
Leibler divergence between the two distributions:

N
Jini (P, Eww) = Z Dxw (Pp(§|5n) | Pr(asn)) . (3.17)

n=1
Since both distributions are Gaussian, (3.17) can be rewritten as
N

1 A
]ini(ﬂw/):'w) = Z 5 (log |Zn| — 10g ‘@(SH)TZwG(Sn)
n=1

-0

+Tr (2;1@(5,,)Tzw®(sn)) (3.18)

A

+ (G(Sn)TP‘w - ﬁn)T Z';;l <®(5n)TP‘w - ﬁn) )

After removing constant terms log |fln |, O and the coefficient %, this optimization can be de-
composed into a mean minimization subproblem and a covariance minimization subproblem.
The two can therefore be solved separately.

3.2.1. KMP Mean Prediction
The mean related part of the objective is

N T .
Jini (prw) = Z <®(Sn)TP’w - ﬁn) z;l (9(5n)TP‘w - ﬁn> . (3.19)
n=1
To avoid overfitting, a regularization term is added. The resulting optimization problem
becomes

A

J () = é (©(sn) o —fin) 25" (O(s0) 1o — fin) + Apia (3:20)

where A > 0 is a regularization coefficient.

12
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This cost has the form of a covariance weighted least squares problem. The role of £ ! is
especially important. Points with small covariance are trusted more strongly and therefore
penalize deviations more heavily, whereas points with larger covariance permit greater
flexibility in the fitted trajectory. In this way, the optimization naturally accounts for the
variability present in the demonstrations.

By using the dual formulation, the optimal solution is

-1
uh= @ (q>T<1> + AZ) n, (3.21)
where
® = [B(s1) O(s2) -~ BO(sn)],
L = blockdiag(%, £,, ..., Zyn), (3.22)
p=lpn e
For a new query input s*, the predicted mean is obtained by substituting u;, into the
parametric trajectory model:
-1
E[E(s")] = O©(s") Tul, = O(s*) T @ (<I>T<I> +AZ) " (3.23)

At this stage, the prediction still depends on explicit basis functions through ©(s). The
next step is therefore to eliminate these basis functions directly by using the kernel trick.
The inner product of the basis functions is defined as

o(si) "p(sj) = k(si,s)), (3.24)

where k(-, -) is a kernel function. Based on the structure of ©(s), this implies

k(Si,S]') 0 s 0
k i) Si
0(s;) '0(s)) = 0 (S: ) . ? ) (3.25)
6 0 s k(Si.,S]')

which can be rewritten compactly as the matrix valued kernel
k(si, Sj) = @(Sl')T@(S]‘) = k(si, S]‘)Io, (3.26)

where Ip is the O dimensional identity matrix.
The full kernel matrix is then defined as

k(s1,s1) k(s1,82) --- k(s1,sn)
Ko k(sz., s1) k(s%, s2) . k(sz',sN) / (327)
k(SN, 51) k(SN, Sz) s k(SN, SN)

and the query dependent kernel row is written as

k* = [k(s*,s1) k(s*,s2) - k(s*,sn)]. (3.28)

13
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With these definitions, the mean prediction can be expressed entirely in kernel form:
E[Z(s*)] = k* (K+ AZ) ' (3.29)

This equation is the final mean prediction formula of KMP. It shows that the prediction
depends only on kernel evaluations between inputs and no longer requires explicit manip-
ulation of the basis functions themselves. This is the key step that turns the method into a
practical nonparametric regression framework.

3.2.2. KMP Covariance Prediction

The covariance related part of the KL objective is

N
Jini(Zw) = Z (— log ’@(SH)TZw@(Sn)

n=1

T (iz;l@(snﬂzw@(sn)> ) (3.30)

As in the mean case, a regularization term is introduced. Using Tr(XZ,,) as a relaxed penalty
leads to

N
J(Ew) = ; ( ~log ‘@(sn)TZw(a(sn) T (ﬁgle(sn)Tzw@(sn)) ) FATr(Zo).  (331)

Taking the derivative of this objective with respect to X, and setting it to zero yields

N
y (—z;l +®(sn)ﬁ;1®(sn)T> +AL=0. (3.32)

n=1

Using the compact notation (3.22), the optimal covariance is

It =N (q»:*lqﬂ + M) - (3.33)
Applying the Woodbury identity leads to
D[g(s*)] = ©(s") 'E;,0(s"). (3.34)
D[E(s*)] = NO(s*)" (cb):*lch + /\I) o). (3.35)
D[E(s*)] = %@(s*)T (1 - @ (qﬂcp + AZ) - <1>T> a(s*). (3.36)

Using the kernel definitions (3.26) and (3.27), this expression can also be rewritten in a
purely kernel based form:

D[&(s*)] = % (k(s*,s*) K (K+AE)! k*T). (3.37)

This is the final covariance prediction formula of KMP. Together with the mean prediction,
KMP provides both a nominal trajectory and an uncertainty description around that trajectory,
which is especially useful in motion adaptation and probabilistic skill representation.

14
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3.3. Null-Space Kernelized Movement Primitives (NS-KMPs)

In conventional KMP, trajectory modulation is achieved by augmenting the reference
trajectory distribution with an additional point (s, ji, £). When X is sufficiently small, the
reproduced trajectory is forced to pass close to ji at 5 [11]. Although effective, this approach
requires recomputing and inverting the matrix (K + AX) whenever a new point is added,
which is computationally expensive in online settings [10].

Null-Space KMP (NS-KMP) addresses this limitation by reformulating trajectory modula-
tion through a null space structure. This allows incorporating secondary objectives without
modifying the kernel matrix, thus avoiding repeated matrix inversions.

3.3.1. Null-space formulation as a least-squares problem

Starting from the original KMP objective, an additional term is introduced to bias the
solution towards a desired weight vector w:

.
Mo = argmin (®Tpo—p) =7 (@ pa—p) + aplp+ B (pro— @) (o — ). (338)

This formulation corresponds to a regularized weighted least squares problem with an
additional quadratic penalty enforcing proximity to . Taking the derivative and setting it to
zero yields

-1
o= (@707 + (@« +p)I) (X +pw). (3.39)
Defining A = & + f, the solution can be rewritten as
-1 -1
o=@ (@@ +)L) p+p(ezO" +AI) @ (3.40)

Applying the Woodbury identity, the inverse term becomes

1 -1
(q»:*lqﬂ + M) _1 [1 _® <<I>T<I> n AZ) <1>T] . (3.41)
)
Substituting back into (3.40) gives
-1 -1
w=® (qﬁb + /\Z) nt % I-® (cpTcD + AZ) " | w. (3.42)
(@1)F (@)

This expression corresponds to a classical least-squares solution with a null space compo-
nent, where the second term projects @ onto the null space of ® .
For the remainder, it is assumed without loss of generality that B/A = 1.
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3.3.2. Kernelized null-space solution
The expected trajectory at a query input s* is obtained as
E[5(s)] = @(s") " pi, (3.43)
Substituting (3.42) yields

ER(s)] = @(s) @ (@7 @ +Az) 4

. (3.44)
- [cb(s*)T —®(s*) '@ (qﬂb + /\Z) qﬂ w.
Applying the kernel trick leads to
E[E(s*)] = k* (K+AZ) ' u+ [cb(s*)T —k* (K+AE)™? qﬂ} w. (3.45)

To express the null-space term in trajectory space, the desired weights are mapped to target

outputs:
E=0Tw. (3.46)

Using the right pseudo-inverse,

s faTa)Ls
W= (<1>Tc1>) & (3.47)
Substituting into (3.45) yields
E[Z(s")] = K¥p+ (k" —K¥R) (K) ¢ (3.48)
with

¥Y=(K+AD)!, k"=0(")"®d, K=0'd, K=30"d. (3.49)

For a single secondary target and a squared-exponential kernel, K = I, resulting in
E[Z(s")] = k¥u+ (k" — k"¥R) & (3.50)

3.3.3. Interpretation

The final expression corresponds to the original KMP prediction augmented with a null-
space term. This additional term enables trajectory modulation without modifying the kernel
matrix. Since ¥ depends only on the reference distribution, it can be computed offline.

Unlike classical null space projectors, the resulting projector is not strictly idempotent.
Its behavior depends on the covariance X, which determines how strongly the null space
component influences the trajectory. As AX — 0, the projector approaches an exact null space
projector. For larger covariance values, the modulation becomes softer, allowing variability in
directions with higher uncertainty.

This formulation provides an efficient mechanism for trajectory adaptation, where modula-
tion is governed by the data distribution, preserving structure in low-variance regions while
allowing flexibility in high-variance regions.
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3.4. Reinforcement Learning Preliminaries

This section describes the reinforcement learning (RL) formalism used throughout the thesis
and defines the notation needed to represent Kernelized Guided Reinforcement Learning
(KGRL). The formulation follows the classical RL treatment in [38].

3.4.1. Markov Decision Process

An RL problem is commonly modeled as a Markov Decision Process (MDP), defined by
the tuple
M= (S, Aprm7), (3.51)

where S denotes the state space, A the action space, p(s¢11 | s, a¢) the transition dynamics,
r(s¢, a;) the reward function, and -y € [0,1) the discount factor [38].

The Markov property is satisfied by the transition dynamics, which indicates that the
subsequent state is solely determined by the current state and current action,

p(st+1 | So, a0, ---,5t,at) = p(St+1 | St,ar). (3.52)

At each discrete time step t, the agent observes a state s; € S, samples an action a; € A
from a policy 7t(a | s;), receives a scalar reward r; = r(s;, a¢), and transitions to a successor
state sp11 ~ p(- | st ar).

A stochastic policy 7t(a | s) produces a distribution over trajectories T = (sg, 49, 51,41, - - .).
The objective is to find a policy that maximizes the expected discounted return

J(mr) = Exn
t=0

i o rt] , (3.53)

where the expectation is taken over trajectories generated by sampling a; ~ 7(- | s;) and

Str1 ~ p(- | st ar).
Two central quantities for evaluating a policy 7 are the state-value function

V(st) =Ex| Y ¥ 1 st] , (3.54)

k=0

and the state-action value function (Q-function)
Q" (st,ar) = Ep Vo resk St/at] : (3.55)

k=0

These two functions are related by V7 (s;) = E,,~2[Q™ (s, 4¢)], and the Q-function satisfies
the Bellman equation

Q" (st,ar) = E [V(St/ﬂt) + Y Eo ~n(fsisn) [Q”(St+1,ﬂt+1)]} , (3.56)

where sp1 ~ p(- | ¢, a¢).
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The Bellman equation is the foundation of the majority of practical RL algorithms and
formally expresses the recursive relationship between the values of a state-action pair and the
values of its successors.

The optimal policy 77* maximizes the expected return for all states s € S, defined as
* = arg max, V" (s). The corresponding optimal value functions are V*(s) = max, V" (s)
and Q*(s,a) = max; Q" (s,a), and the optimal policy can be recovered greedily via

Tt (s) = arg max Q*(s,a). (3.57)

This arg max is intractable to compute directly in continuous control settings due to the
fact that A is a continuous set. Actor-critic methods resolve this problem by preserving an
explicit parametric policy (actor) that is updated to optimize a parametric value function
(critic), both of which are approximated by neural networks [38].

3.4.2. Soft Actor-Critic

All reinforcement learning policies in this thesis are optimized using Soft Actor-Critic
(SAC) [7], an off-policy actor-critic algorithm that combines off-policy learning from a replay
buffer with a maximum entropy objective. Rather than maximizing the expected discounted
return alone, SAC augments the objective with the entropy of the policy at each visited state:

J(r) = Ex

Yo (r(stva) +aH(r (- | st)))] : (3.58)
t=0

where & > 0 is the temperature parameter that regulates the relative importance of the entropy
term, and H(7t(- | st)) = —Eg~x[log 7(a; | s¢)] is the Shannon entropy of the policy at state
st. The entropy term encourages the agent to explore the state-action space thoroghly and
prevents premature convergence to a suboptimal deterministic policy. In the limit « — 0, the
standard maximum reward objective is recovered.

The soft state-value function under this objective is defined as

V7(st) = Eamn| Q7 (st,a:) — alog 7w(ay | st)], (3.59)
and the corresponding soft Q-function satisfies the soft Bellman equation
Q™ (st,ar) =r(st,ar) + Y B mp[ V7 (5t51)], (3.60)

where sp11 ~ p(- | s¢,a¢).

Compared to the standard Bellman equation in (3.56), the soft state-value function intro-
duces an entropy term, which encourages the policy to maintain high uncertainty.

In practice, SAC uses function approximators for both the Q-function and the policy. A
parametric state-value network Vy(s;), a soft Q-network Qq(st, a;), and a stochastic actor
mg(as | st) are trained jointly from transitions sampled from a replay buffer D. The value
network is trained to minimize

Jv($) = Egop B (Vo (st) = Bamry[Qolst,a1) — alog g (ar | 51)] )2] , (3.61)
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and the Q-network is trained by minimizing the soft Bellman residual
1 A 2
Jo(8) = E(s,a)~D [2 (QG(St/ ar) — Q(St,ﬂt)) ] , (3.62)

where Q(st,at) =r(st,at) + v Es, ~p [Vll-,(sﬂ_l)} is the soft Bellman target and Vy is a target
value network whose parameters ¢ are kept as an exponential moving average of ¥ to stabilize
training.

The actor is updated by minimizing the expected KL divergence between the policy and
the Q-function [7].

Using the reparameterization trick, actions are sampled as a; = f¢(et ; st) with ey ~ N(0,1),
which allows gradients to flow through the sampled action.

The actor objective is

]n(q)) = ]Esth,eth [0‘ 10g 7t¢(at ‘ St) - QG(St/ at)] . (3-63)

To mitigate overestimation bias in the Q-function, SAC maintains two independent Q-networks
and uses the minimum of their outputs in both (3.61) and (3.63) [7].
The target value network parameters are updated via Polyak averaging,

pTY+(1-1)¢, (3.64)

with smoothing coefficient T < 1.
The full training procedure and convergence analysis are described in [7].
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This chapter describes the proposed learning framework and its implementation for contact
rich robotic assembly. The presentation builds upon the probabilistic skill representations
and reinforcement learning preliminaries introduced in Chapter 3. The proposed method in
this thesis is Vision-Augmented Kernelized Guided Reinforcement Learning (Vision-KGRL),
which extends KGRL by incorporating additional visual observation modalities.

To establish the full formulation, the chapter first introduces the linearly constrained null
space KMP (LC-NS-KMP) formulation from which KGRL is derived [9]. It then formu-
lates KGRL as a trajectory generation mechanism in which a reinforcement learning policy
modulates an imitation learned trajectory through null space actions. Finally, the Vision-
KGRL formulation used in this thesis is presented by extending KGRL with visual latent
representations.

4.1. LC-NS-KMP Formulation

As introduced in Chapter 3, KMP provides a covariance weighted reproduction of a
probabilistic reference trajectory learned from demonstrations, while NS-KMP extends this
formulation by introducing a null space modulation term. KGRL in [9] is derived from a
more general formulation, namely Linearly Constrained Null Space Kernelized Movement
Primitives (LC-NS-KMP). This formulation combines three elements in a single optimization
problem: reproduction of the demonstrated trajectory, modulation through a desired null
space target, and satisfaction of linear inequality constraints.

In this chapter, the KMP input is denoted by s € R! and the trajectory output by 5 € RO.
In this thesis, s represents normalized time in the interval [0, 1], where s = 0 corresponds to
the start and s = 1 to the end of the trajectory. The variable 5 denotes the task space quantity

to be predicted. The demonstrations are written as
M
D = {{Sn,ml ﬂn,m}nNzl} 7 (4:]_)

m=1

where N is the trajectory length and M is the number of demonstrations.
Following [9], a joint probability distribution over input and output is modeled using a
Gaussian mixture model,

C
P(s, 1) ~ Y peN (pe, Ze), (4.2)
c=1

and Gaussian mixture regression yields the reference trajectory distribution

Tr = {ﬁn, f‘”}nN:1 ’ (4.3)
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where fi, and £, denote the reference mean and covariance at sample index 7.
A parametric trajectory representation consistent with KMP is given by

1(s) = O(s) w, (4.4)

where w € RPO is a weight vector and @(s) € RBO*C is defined as

@(s) 0 0
0(s) = (:) q’(:s) ? , (4.5)
U © @(s)

with ¢(s) € R? denoting a B-dimensional basis function vector.
The compact notation introduced for KMP in Chapter 3 is used throughout this chapter:

®=[0(s1),0(s2),...,0(sn)], p= [ﬁi,...,ﬁx]T, (4.6)

¥ = blockdiag (£1,%,,...,EN) . 4.7)

Starting from the constrained KMP mean optimization problem, an additional quadratic
term is introduced to keep the solution close to a desired weight vector fi,,. The resulting
LC-NS-KMP optimization problem is

S\ e - 1 1 - -
arg min Z (®T soltto —fin) 50 (O (s — fin ) + Ao+ 5B (o = i) (o = i)
" (4.8)
subject to
gu(s) > cope  VFE{L2..F},  Vne{1,2.. N} (4.9)

Here, A > 0 is the regularization parameter inherited from KMP, § > 0 controls the strength
of the null space modulation, F is the number of linear constraints, and g, s together with ¢, ¢
defines the corresponding constraint hyperplane at sample n. The first two terms reproduce
the demonstrated trajectory in the same covariance aware manner as KMP, while the third
term softly biases the solution toward a desired one fi.

To solve (4.8) under the inequality constraints in (4.9), nonnegative Lagrange multipliers
an,r > 0 are introduced. The Lagrangian becomes

L(pw, & i ( (Su)pho — ﬁn>Tﬁ;1 <®T(5n)l/‘w _ﬁn>

1 i i
oA+ 5B (o — i) (o )
F

N
=2 )ty (glf@)(sn)Tyw —~ Cn,f) : (4.10)
n=1 f=1

3
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Using matrix notation, the same expression can be written as

L(pto, &) :% (<I>Tuw — ﬂ) 'x (<I>Tﬂw - u) + %Mtlﬂw

1 _
+ E.B (B — ﬁw)T (Hw — frw) — “TGT‘DTﬂw —a'C,

where
Gn:[gn,l 8np - gn,F]/ VHE{LZ,...,N},
G = blockdiag (G1, Gy, ..., GnN),
x = [061,1,0(1,2, e, &LF, e AN, - .,(XN/F]T ,
and

_ T
C=lcl, ¢, Cl| . Cu=leancnasonrl
Setting the derivative of (4.11) with respect to py, to zero yields
(®=7'@" + 1) i, = OZ 4 + i + @G,
Which results in,
1 _
wh = (qm*lqﬁ + 71) (<I>Z’1y + Bt + <I>Goc) .
Using the Woodbury identity, (4.17) can be rewritten as
w=®A st P (1o a
Moy = u+ PALGw + - I —-®A® )y,

where
A= (@' ®++2)Y, y=A+8
Substituting u;, into (4.11) and (4.4) yields

I(x) =«  GTEAAAZGa + (2,,TAAA>;(; _ Bl ®AG + Cr) X+ const
and
E(n(s")) = ©(s") (‘I’Au + ®ALGa + f (1-®407) ﬁw> ,

respectively, where

A= —%(I)T<I)Z_1<I>T<I> _ %qﬂq).

To express the null space term directly in trajectory space, a desired output

é‘:(i)TAw

(4.11)

(4.12)
(4.13)
(4.14)

(4.15)

(4.16)

(4.17)

(4.18)

(4.19)

(4.20)

(4.21)

(4.22)

(4.23)

is introduced. The corresponding desired weight vector can be estimated using the right

pseudo inverse of & as

o= (670) e

(4.24)
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Substituting (4.24) into (4.20) and (4.21) yields

- _ _ _ fT & 1, _ _
L(x) =o' G'ZAAALGe + <2yTAAA>:G — e’ (qﬂp) & ®ALG + C" ) & + const,

(4.25)
and
* * = ‘B T\ & AT 4 -1
E(y(s*)) = ©(s*) ( @Ay + PAZGa + - (1— PAD ) & <<I> <1>) ). (4.26)
Applying the kernel treatment introduced for KMP in Chapter 3, with
k(Sl,Sl) k(sl,sN)
K = : : , k* = [k(s*,s1),...,k(s%,sn)], (4.27)
k(sn,s1) ... k(sn,sn)

k(sis;)) =k(si;s))I, K=&'d, K=@'®, ["=0(""9, (4.28)
(4.25) and (4.26) become

L(x) = «" G EAAAEG + (24T AAALG — g K'RAZG + CT ) a+const,  (429)

and
E(p(s*)) = k*Ap + k* AZGa + f (k . k*AK) K¢, (4.30)
where
-1 1 -1 Y
A=(K+9T)!,  A=- KL K- K (4.31)

This kernelized expression shows the three roles of the model clearly. The first term repro-
duces the demonstrated trajectory, the second term enforces the linear constraints, and the
third term introduces the null space modulation in a covariance aware manner.

For convenience, define

By =G EAAALG, B, =2u"AAALG +BE'K'K(-A)LG+C'.  (432)

Then (4.29) becomes a quadratic function in «, and the optimal Lagrange multipliers are
obtained by solving
arg max o' Bia + By, st. a>0. (4.33)
u

After solving for w, (4.30) yields a trajectory prediction that incorporates the demonstrated
behavior, the desired modulation, and the linear inequality constraints in a unified form.

In this thesis, no linear inequality constraints are used, as the primary objective is to
study the effect of demonstration-based guidance on policy learning rather than bounding
exploration through hard constraints. Consequently, the constrained correction term k* AZGa
is inactive in the implemented system, which corresponds to & = 0. Nevertheless, the LC-NS-
KMP derivation is included here because it is the general formulation from which KGRL is
derived in [9].
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4.2. Kernelized Guided Reinforcement Learning

KGRL uses reinforcement learning to generate the null space target that modulates the
imitation learned trajectory. Instead of outputting the final robot command directly, the policy
produces a null space action,

G~ 7(C | qt), (4.34)

where g; is the policy input at time step ¢. This action is then passed through the LC-NS-KMP
predictor. As a result, reinforcement learning does not act directly in the trajectory output
space. Rather, it influences the output through a modulation term that is filtered by the
covariance structure of the demonstrations.

The reinforcement learning observation is denoted by o; € O and the policy input by
q: € Q. From the reinforcement learning formalism introduced in Chapter 3, the state
corresponds to the selected observation vector g;, and the action corresponds to the null space
action ¢;. The policy in (4.34) is optimized with SAC, while the sampled null space action is
transformed into the actual task space command through the trajectory model.

Substituting the policy output into the general LC-NS-KMP expression in (4.30) gives the
KGRL prediction

E(y(s*)) = k*Ap+ k*AZGa + "i (lAc* - k*AK) G (4.35)
Since no linear inequality constraints are used in this thesis, the implemented KGRL
formulation reduces to

* 1% E Tx _ 1* AR
E(y(s") = k" Ap + (k" -k ak) g. (4.36)

Equation (4.36) is the KGRL prediction equation used in this thesis. The first term defines
the nominal trajectory prior extracted from demonstrations, while the second term allows
reinforcement learning to adapt that trajectory through null space actions. Because the
modulation is shaped by the demonstration covariance, exploration becomes structured rather
than arbitrary. Regions with low demonstrated variance resist large deviations, whereas
regions with higher uncertainty allow more freedom for adaptation.

This property is particularly relevant for contact rich assembly. Direct reinforcement
learning in Cartesian task space may lead to unsafe or inefficient exploration, especially
near contact transitions. In contrast, KGRL restricts the policy to operate through null space
actions that are mapped into smooth trajectory modifications that are compatible with the
learned skill prior. The reinforcement learning policy therefore refines an existing motion
representation instead of replacing it.

The action sampled from the policy is transformed into the actual task space command
through (4.36), and the resulting command is then applied to the robot. In this way, the
reinforcement learning problem is defined over null space actions, while execution remains
grounded in the imitation learned trajectory model.
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4.3. Vision Augmented KGRL

The proposed method extends KGRL by incorporating visual information into the policy
input while preserving the trajectory generation mechanism defined in (4.36). The LC-NS-
KMP structure remains unchanged. Only the policy state is augmented with a learned
compact visual representation. This results in Vision-KGRL, where perception is integrated at
the policy level while trajectory generation remains governed by the probabilistic skill model.

4.3.1. Denoising Variational Autoencoder for Visual Latent Representation

To incorporate visual information into the policy in a compact and noise-resistant manner,
a denoising variational autoencoder (VAE) [39] is utilized to map high-dimensional RGB
observations to a low-dimensional latent representation.
Let .
0,8 ¢ RF*WxC (4.37)

denote the clean RGB image observation at time step t, where H, W, and C denote the image
height, width, and number of channels. A latent variable

z; € R% (4.38)

is introduced to represent the image in a compact form, where d, denotes the dimensionality
of the latent space.

In the denoising setting, the encoder does not operate on the clean image directly. Instead,
a stochastically augmented version of the image is generated as

I

5" ~ paug (31" | 0}™%), (4.39)

where paug(-) denotes an image corruption or augmentation process. The encoder takes o, 8

as input, while the decoder is trained to reconstruct the clean image o, . This formulation
encourages the latent variable to capture stable and task-relevant structure rather than
simulation-specific perturbations.
Following the standard variational autoencoder formulation [39], a prior distribution over
the latent variable is defined as
p(zi) = N(z | 0,1). (4.40)

The encoder defines an approximate posterior distribution over the latent variable condi-
tioned on the augmented image,

¢ (zt | 6itmg> = ./\/'(zt ’ o (6itmg> ,diag (0(%, (6itmg>>) , (4.41)

where py(-), 0'(%(-) € R* and ¢ denotes the parameters of the encoder neural network. Thus,
the encoder maps the augmented image to the mean and diagonal variance of a Gaussian
distribution in latent space.
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The decoder defines the likelihood of the clean image given the latent variable as
pp (o™ 1 zt) = N (o | fylzn), 021), (4.42)

where fy(-) denotes the decoder neural network with parameters ¥, and o? is a fixed
observation variance.

The VAE model is trained by maximizing the evidence lower bound (ELBO) [39], which for
each sample ¢ is given by

Lilso =B, ey log pe (0 | 26) | = D (a9 (¢ 1 68) I p(z0)) . (449)

A detailed derivation of the ELBO from the marginal likelihood can be found in [39].
To enable gradient-based optimization, the stochastic sampling from the encoder is ex-
pressed using the reparameterization trick [39]:

ze= 1y (8") + 0y (6" ) e, e~ N(O,T), (4.44)

where © denotes elementwise multiplication. This formulation allows gradients to propagate
through the sampling operation.

In practice, training is performed by minimizing the negative ELBO over a dataset of N
samples:

1 N
Luae = — 35 Y- Liso- (4.45)
t=1

With the Gaussian decoder and fixed variance, the reconstruction term corresponds to a
squared error loss up to constant factors. Therefore, the objective used in this thesis is written
as

Lyat = % 3 U o™ _flp(zt)Hi + Dt (0 (2| ™) | p(zt))] . (4.46)

t=1

Since both the approximate posterior and the prior are Gaussian, the KL divergence admits
a closed-form expression:

dz
Dic (921 | 07) | p(z0)) = 5 1 (1 + ; — log oy — 1 447)
KL (g9 (2t | O p(z: 5 Hij T O 871, ’

where p; ; and crtzj denote the jth components of the encoder outputs.

Substituting (4.47) into (4.46), the final training objective used in this thesis is given by

Lyag = ;jﬁ [’

t=1

im 2 1 d:
0" — fy(z0)|[, + 5 L (4 + 0% — log o — 1)] . (4.48)
=

Algorithm 1 summarizes the VAE training procedure. The encoder and decoder are trained
by minimizing Lyag across a dataset of images obtained from the simulation environments.
Durimg inference, the encoder weights are fixed, and the mean of the encoder distribution
serves as the visual latent representation throughout RL policy training and inference.
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Algorithm 1 VAE Training for Visual Latent Representation

1: Initialize encoder parameters ¢ and decoder parameters i
2: repeat '
3 Sample a mini-batch {o;"®
Generate augmented observations 8, ° ~ paug(8; ° | 0y ©)
Encoder: compute pig (6, ©) and o (8; )

Sample latent via reparameterization: z; = gy + 0y O €, € ~ N(0,1)
Decoder: reconstruct clean image fy(z;)
Compute Lyag using (4.46)

9: Update ¢, ¢ by gradient descent on Lyag
10: until convergence

4.3.2. Vision Augmented KGRL Policy

During inference, the clean RGB observation oitmg € RT*WxC js processed by the trained
encoder to produce a latent representation

Zt = Py (oitmg) , (4.49)

where py(-) denotes the mean of the encoder distribution.

The latent vector z; forms the visual component of the policy observation, as defined in
(5.4). It encodes task-relevant geometric and spatial information from the scene in a compact
form, which is not directly available from proprioceptive or force measurements.

If vision is enabled, the policy input is augmented with the visual latent and is written as

q?ug _ {qfrop’ q{orce’ s, Zt} ] (4.50)

The visual latent is therefore incorporated only through the policy input. Using the
augmented observation g} ¢, the policy produces a null space action & according to

&~ (g q;®). (4.51)

Consistent with the KGRL formulation in (4.36), the resulting trajectory mean at query point
s* can be written as

* 1% E ok 1% s
E(y(s") =k Ap+ (k" -k ak) g (4.52)

Consequently, the trajectory model is not directly influenced by the latent variable z;.
Rather, it modifies the policy input, which in turn influences the null space action produced
by the policy. In this way, visual information is incorporated at the policy level, while the
underlying KGRL and NS-KMP trajectory generation mechanism remains unchanged.
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The full Vision-KGRL training procedure is summarized in Algorithm 2.

Algorithm 2 Vision-KGRL

1: Collect demonstrations D = {{sm, fum }N_1 1M,
2: Configure hyperparameters A, f and select kernel (-, -)
3: Specify planning horizon h
4: Fit joint distribution P (s, #) to demonstrations
5. Train VAE encoder py via Algorithm 1 and freeze weights
6: Initialize RL policy 77(& | q) and its parameters
7: for each timestepn =1,...,N do
8: At state s, retrieve reference distribution 7, < {f;, ﬁ,}f:;‘
9:  Obtain visual latent: z, = pg(0, °)
10 Form augmented policy input: g, © = [qh , ¢, 5,1, 2]
11:  Sample null space action: &, ~ (& | g5 °)
122 Evaluate E(#(sy)) using (4.36)
13:  Execute E(#(s,)) on the robot
14: Observe reward r;,
15: Update RL policy 7
16: end for
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This thesis uses the Peglnsert, GearMesh, and NutThread environments from NVIDIA
Isaac Lab [13] as baselines for the experiments. The corresponding environment images are
shown in Figure 5.1.

(a)
Figure 5.1.: NVIDIA Isaac Lab environments used in this thesis: (a) PegInsert, (b) GearMesh,
(c) NutThread.

The experiments were conducted on these three contact-rich assembly tasks. Each task was
evaluated in two environment families, Factory and Forge. Factory provides proprioceptive
observations only, whereas Forge additionally provides force-torque measurements and
includes force-related reward terms and action penalty. All training runs used Neny = 128
parallel simulation environments. The simulator time step was set to Atsm = 1/120s. With
control decimation d = 8, actions were applied at

At = d Atgm = 1/15s, (5.1)

corresponding to a control rate of 15Hz.
Table 5.1 summarizes the core simulation and episode settings.
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Table 5.1.: Simulation and episode configuration used for all experiments.

Setting Value
Simulator time step Atgim 0.0083333 s
Control decimation d 8

Control time step At 0.0666667 s
Number of parallel environments Neny 128
Episode length (Peglnsert) 10s
Episode length (GearMesh) 10s
Episode length (NutThread) 15s

Action Spaces

Two action configurations were evaluated:
® 4D action space: Cartesian translation in (x, y,z) with yaw rotation.
* 6D action space: Cartesian translation in (x,y,z) with (roll, pitch, yaw) rotation.

For both action configurations, the policy action a; was normalized to the bounded range
[—1,1]P, where D € {4,6} is the action dimension. This normalization was identical for pure
RL baselines and KGRL variants.

The action dimensionality was kept consistent across SAC and KGRL variants within each
comparison.

For KGRL variants, the normalized policy action represents a null-space action whose effect
on the commanded motion is additionally scaled by task-specific scaling factors applied to ¢,
which are specified in Section 5.4.

Initial Pose Variations

At the beginning of each episode, the initial poses of both the end-effector and the target
(fixed asset) are sampled from uniform distributions. The initial roll and pitch for the end-
effector are set to 180° and 0°, respectively. This ensures that the end-effector is always facing
down before the simulation starts.

The positional noise and task-specific yaw angles are uniformly sampled across the prede-
fined ranges specified in Table 5.2. These settings are identical for both the Factory and Forge
environments.

5.1. Policy State Definitions and Modality Configurations

This thesis evaluates policies under different observation modality configurations. The
policy observation is built from proprioception, force sensing, and vision based latent features.
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Table 5.2.: Initial Position and Yaw Variations for the End-Effector and Target

Task Component Position Variation (x,y,z) Yaw Range
Peolnsert End-Effector ~ [£0.02,4+0.02,+0.01] m [—45°,45°]
& Target [£0.05, £0.05, £0.05] m [0°,360°]
GearMesh End-Effector ~ [£0.02,4+0.02,4+0.01] m [—45°,45°]
Target [£0.05, £0.05, £0.05] m [0°,15°]
End-Effector [£0.02, £0.02, £0.01] m [90°,120°]
NutThread . oo [£0.05,+£0.05,+£0.05|m  [120°,150°]

Let the TCP pose be denoted by a position x:Cp € R? and a unit quaternion q:Cp € R*. Let
the task target (fixed asset) pose be denoted by ' € R> and ¢'** € R*. The proprioceptive
observation used in this thesis is defined as

¢ t
o' P = |xF —x, g | € R (5.2)
€R3 €R*

Force sensing is available only in the Forge test cases:
o = [fy, fy, f] € R (5.3)

Vision features are included if vision is enabled. Let oitmg denote the image observation at
time step t. A task specific VAE encoder fy produces a latent vector

0y = z; = fg(oitmg) € R'. (54)

In addition, all policies receive a normalized time variable s; € [0, 1] that represents the
progression within the episode. Depending on the experiment, final policy observation is
defined as

i e {[sa™) 5,07, 00], (50,0, 07) o, o7 0] L, 65

where s; € [0, 1] denotes the normalized time variable representing the progression within
the episode.
Consequently, the policy input dimension depends on the enabled modalities and satisfies

dim(q;) € {8, 11, 24, 27}. (5.6)

The normalized time variable s; is included for both the standard SAC baselines and the
KGRL variants, as removing it from the observation significantly reduces performance in
both cases. For KGRL, it also serves as the query input for the KMP trajectory model, where
it is a fundamental requirement since the KMP mean and covariance are explicit functions of
s;. An ablation study confirming the importance of this input is provided in Appendix A.1.
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5.2. Reward Functions

This section documents the reward definitions used in the Factory and Forge environments.

5.2.1. Factory Reward Function

The Factory reward function only includes a sparse success reward:
TFactory = Tsuccess- (5.7)
Let the position error between the held asset and the task target (fixed asset) be defined as
epos = ||Pheld — Prarget | 2- (5.8)

The success reward is then defined as

4 if epes < 0.04,
Tsuccess = pos . (59)
0 otherwise.

5.2.2. Forge Reward Function

The Forge reward extends the Factory reward function with additional penalty terms:

TForge = TFactory + Taction_penalty + Tcontact_penalty (5 10)

The action penalty discourages excessively large motion commands and is defined as

Taction_penalty = —0.001 (eg%ts + e?g;) . (5.11)

The translational component is defined as

A
e, = 107l (5.12)
pos
Ap = x:Cp — xfmd, (5.13)

where xiCp denotes the current TCP position and x™¢ denotes the commanded target
position.
For the 4D action space, the rotational component penalizes yaw error

A
et = 1891 (5.14)
€rot
Ap = P — psmd, (5.15)
For the 6D action space, the rotational penalty additionally includes roll and pitch errors
A A6 A
gact — 1801 186 | [AY| (5.16)

7
Erot Erot Erot
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Ap =P — i, Ag=6,F — o™, (5.17)
The normalization coefficients were set to
€pos = 0.02, erot = 0.097. (5.18)
The contact penalty discourages excessive forces:
Tcontact_penalty = — max (0, || fsmooth |2 — €contact) , (5.19)

with €contact = 7.5 and fymeoth the smoothed force measurement.

5.3. Reinforcement Learning Configuration

All policies were trained using Soft Actor-Critic (SAC). The training hyperparameters used
in all experiments are listed in Table 5.3.

Table 5.3.: Soft Actor-Critic hyperparameters used in all experiments.

Hyperparameter Value

Policy MlpPolicy
Replay buffer size 1,000,000
Batch size 256

Learning rate 4x107%
Learning starts 5,000 steps
Training frequency 1 step
Gradient steps per update 512

Number of critics 2

Network architecture [512, 256, 128]
Activation function ELU
Observation normalization Enabled
Optimizer AdamW (Optax)
Policy delay 4

5.4. Demonstration Modeling and KMP Configuration

For KGRL variants, demonstrations were modeled using Kernelized Movement Primitives
(KMP). For each task, a trajectory distribution was constructed over normalized time s,
producing a mean trajectory fi(s) and covariance L(s).
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5.4.1. Task-Specific KMP Parameters

The KMP inference parameters used for each task are reported in Table 5.4, where h denotes
the prediction horizon and wps, Wrot denote the task-specific scaling weights applied to the
translational and rotational components of ¢, respectively.

Table 5.4.: Task-specific KMP inference parameters.
Task KMP At h  Wpos Wrot
Peglnsert (4D) 1/150 15 150.0 15.0
PeglInsert (6D) 1/150 15 150.0 15.0
GearMesh (4D) 1/150 15 250.0 25.0
GearMesh (6D) 1/150 15 250.0 25.0
NutThread (4D) 1/225 25 200.0 10.0
NutThread (6D) 1/225 25 200.0 10.0

The reinforcement learning policy outputs a normalized action a; € [—1,1]P, where
D € {4,6} is the action dimension. For KGRL variants, this action is interpreted as a
null-space action ¢ and scaled before being passed to the LC-NS-KMP module.

Let

ar = [arx, Ary, A1z, Oty Qi g, Aty

denote the policy action, where the first three components correspond to translational
corrections and the last three components correspond to rotational corrections.
The scaled null-space action ¢; is defined as

—wpos at,x
Wpos Aty
o= | Pz (5.20)
Wrot At,n
Wrot at,ﬁ
L Wrot at,’y ]

where Wpos and wy, are the task-specific scaling weights reported in Table 5.4, governing
the relative magnitude of translational and rotational corrections that ¢ applies to the KMP
reference trajectory.

5.5. Pose Representation with KMP

To construct trajectory distributions with KMP, each demonstrated TCP pose is represented
in a relative 6D form consisting of a translational and a rotational component. The KMP
model predicts these components as functions of normalized time s € [0, 1].
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5.5.1. Translational Component of KMP

The translational component is defined as the relative position between the TCP and the
target,
Prel(t) = pth(t) — PTarget- (5.21)

To introduce uncertainty into the environment, target position is defined as a perturbed
version of the nominal fixed asset position,

Ptarget = Ptargetnomina T 17 (5.22)
where 7 denotes the initial position noise applied at the beginning of each episode,
i = 0.001¢;, ei~N(0,1), ie{xyz} (5.23)

The relative position p.e(t) € R> serves as the demonstration data for the translational part
of KMP.
During inference, KMP predicts a 3D translational output,

gP(s) = ﬁrel(s) € ]R3/ (524)

which represents the estimated relative position.
The absolute TCP position is then reconstructed as

ﬁtcp(s) = Ptarget + yAp(s)- (525)

5.5.2. Rotational Component of KMP

The rotational component is defined relative to a reference orientation gy.f,

qrel(t) = qr_e} ® qtcp(t)- (5.26)

The reference orientation is defined as

ref = q(nz 0, lpref>/ (5.27)
with

0, Peglnsert and GearMesh,
Pref = (5.28)

—40°, NutThread.

To obtain a minimal 3D representation, the relative quaternion is mapped to a 3D rotation
vector using the logarithmic map,

r(t) = log(qra(t)) € R?, (5.29)

where r(t) corresponds to the axis-angle representation of the rotation, with its direction
indicating the rotation axis and its magnitude the rotation angle.
The vector r(t) serves as the demonstration data for the rotational part of KMP.
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During inference, KMP predicts
r(s) =#(s) € R, (5.30)

which represents the estimated relative rotation in axis-angle form.
This prediction is mapped back to a quaternion using the exponential map,

gre1(s) = exp(9,(s)), (5.31)

and the TCP orientation is reconstructed as

Gicp(S) = Gref @ Grei(8) (5.32)

In the 4D action space setting, roll and pitch are fixed to their reference values. Therefore,
the relative rotation is dominated by a rotation about the z axis of the reference frame, and
the logarithmic map yields

= 0 |, (533)
Ay(t)

where the third component represents the relative yaw deviation.

5.5.3. Combined KMP Output Representation

For each normalized time input s € [0,1], the complete KMP prediction is formed by
stacking the translational and rotational outputs:

(s)

@ |50

i(s) — Uo(s _ 2(s
0= [760) = |7 ©34

?y(s)

72(s)

The first three components correspond to the translational part, that is, the predicted
relative TCP position, whereas the last three components correspond to the rotational part
represented in axis-angle form.

5.6. Vision Configuration

In the vision augmented experiments, image observations were encoded into a compact
latent representation and appended to the policy observation, as introduced in Section 5.1.
For each task, a task specific variational autoencoder was trained offline and its encoder was
later used during reinforcement learning to produce a latent vector of dimension 16. During
policy training, the encoder weights remained fixed.
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5.6.1. VAE Network Architecture

The architecture of the variational autoencoder is illustrated in Fig. 5.2. It follows a
symmetric convolutional encoder-decoder design operating on RGB images of resolution
256 x 256.

Convs Flatten
256 x 16 x 16
Conv4

z FC Reshape

256 x 16 x 16
Deconvl

P q
|g |
H/ 256,>< 8x8 16384 g 16 16384 256,>< 8x8 H/ H/ \‘ /
i

128 x 32 x 32 128 x 32 x 32

L Conv3 16 Deconv2 *
| 64 x 64 x 64 log 0% 64 x 64 x 64
= Conv2 Deconv3 L
32 x 128 x 128 32 x 128 x 128
Convl Deconv4
3 x 256 x 256 3 x 256 x 256
Input Output

Figure 5.2.: Architecture of the variational autoencoder used for visual feature extraction.

The encoder is composed of five convolutional layers, each with a kernel size of 4, a stride
of 2, and a padding of 1. These layers gradually decrease the spatial resolution as the number
of feature channels increases. Each layer is succeeded by a Leaky ReLU activation and Group
Normalization with 8 groups. The mean p € R!¢ and the log variance log c? € R are
obtained by flattening and mapping the final feature map to the parameters of the latent
distribution. The reparameterization trick is then employed to obtain a latent sample z.

The image is reconstructed to its original resolution by the decoder, which mirrors the
encoder with transposed convolutional layers. Intermediate decoder layers also employ
Group Normalization and Leaky ReLU, while the final layer employs a sigmoid activation to
generate outputs within the [0, 1] range.

The visual latent representation is exclusively the encoder mean u, which is appended
to the policy observation during reinforcement learning. This results in a vision feature
that is compact, while simultaneously maintaining a manageable downstream policy input
dimension.

5.6.2. VAE Hyperparameters

The variational autoencoder was trained separately for the Peglnsert, GearMesh, and
NutThread tasks. The hyperparameters used for all VAE training runs are reported in
Table 5.5.
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Table 5.5.: VAE hyperparameters used for visual representation learning.

Parameter Value

Number of training images 130,000

Encoder-decoder depth 5 convolutional layers (k = 4, s = 2)

Activation function Leaky ReLU

Loss function L2 (MSE)

Optimizer Adam, Ir =1 x 1073

Batch size 128

Epochs 400

Augmentations Horizontal flip (50%), brightness shift (—15 to 15, 30%),

Gaussian blur (¢ = 0-0.7, 30%)

These settings were chosen to provide stable reconstruction quality while learning a
compact latent representation that could later be integrated into the reinforcement learning

policy. The VAE training curves are reported in Chapter 6.

5.7. Camera Placement Configuration

Task-specific camera placement presets were used in the experiments to ensure consistent
and appropriate viewpoints for vision-based tasks. The camera configurations that were used

for each environment are summarized in Table 5.6.

Table 5.6.: Camera placement and configuration for each task.

Task Position (m)  Roll (°) Pitch (°) Yaw (°)
Peglnsert (0.08, 0.0, 0.00) -20 0 0
GearMesh (0.0, 0.0, 0.05) 0 0 90
NutThread (0.0, 0.0, 0.05) 0 0 90

These settings define the camera position and orientation relative to the task environments
to provide a consistent view of the manipulated objects. The resolution of each camera was
fixed at 256 x 256 pixels to balance computational cost and visual detail during training and

evaluation.
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Peglnsert NutThread GearMesh

Figure 5.3.: Task specific camera placements used in the vision based experiments. The view-
points were chosen to provide consistent visual observations of the manipulated
objects and interaction regions for each task.

5.8. Method Configurations Evaluated

The experiments evaluate multiple reinforcement learning configurations across three tasks
(PegInsert, GearMesh, NutThread), two simulation environments (Factory and Forge), two
action spaces (4D and 6D), and four learning variants (SAC, Vision-SAC, KGRL, Vision-
KGRL).

Table 5.7.: Evaluated experimental configurations.

Category Options

Tasks Peglnsert, GearMesh, NutThread
Environments Factory, Forge

Action spaces 4D, 6D

Learning variants SAC, Vision-SAC, KGRL, Vision-KGRL

The combination of these factors results in a total of 48 experimental cases.
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This chapter presents the empirical evaluation of the proposed vision-augmented Ker-
nelized Guided Reinforcement Learning (KGRL) framework. The results are structured as
follows. First, the learned KMP trajectory distributions are illustrated. Second, the VAE train-
ing curves are reported. Finally, the learning performance of all policy variants is analyzed
across the three assembly tasks: PegInsert, GearMesh, and NutThread.

All reported values correspond to mean performance over 10 random seeds. Standard
deviation across seeds is reported to quantify statistical variability.

6.1. KMP Mean and Variance Visualization

To examine the learned trajectory distributions before reinforcement learning, the predicted
KMP mean and covariance were visualized over normalized time (Figures 6.1-6.6). The plots
show the translational and rotational parts of the predicted KMP output that were discussed
in Section 5.5. The first three dimensions depict the relative position of the TCP, and the last
three dimensions represent the relative rotation in axis-angle form.

The solid curves in the figures represent the predicted mean trajectory of KMP. The shaded
areas show the =20 envelope that was calculated from the diagonal entries of the predicted
covariance matrix. These plots are utilized to evaluate the smoothness, physical plausibility,
and consistency of the learned trajectory distribution with the demonstrated skill.

In the 4D action space configuration, the rotational part is solely influenced by the yaw
component, as roll and pitch are maintained at their reference values throughout execution.
Thus, the third rotational component is the predominant factor in the orientation plots. In the
6D framework, all three rotational components vary over normalized time.

For the Peglnsert task, the KMP predictions for the 4D and 6D settings are shown in
Figures 6.1 and 6.2.
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Peglnsert: KMP mean trajectory with =20 std
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Figure 6.1.: KMP mean trajectory with £2¢ envelope for Peglnsert with 4D action space over
normalized time. (a) Translational components, (b) Rotational components.

Peglnsert: KMP mean trajectory with 20 std
0.03

0.02
0.01 —

— KMP X

> 0.00
-0.01
—0.02
-0.03

0.03

0.02
0.01 — — -

— KMPY

> 0.00
-0.01
-0.02
-0.03

0.05

0.04
0.03

N 0.02
0.01
0.00
—-0.01

0.0 0.2 0.4 0.6 0.8
Normalized Time

(a)

1.0

ry (degrees) rx (degrees)

rz (degrees)

60°
40°
20°

20°
-40°
-60°

60°
40°
20°

-20°
-40°
-60°

60°
40°
20°

0°

-20°
-40°
-60°

Peglnsert: KMP mean trajectory with =20 std

— KMP rx

—— KMPry

—— KMPrz

0.0

0.2 0.4 0.6 0.8 1.0
Normalized Time

(b)

Figure 6.2.: KMP mean trajectory with £2¢ envelope for Peglnsert with 6D action space over
normalized time. (a) Translational components, (b) Rotational components.

For the GearMesh task, the KMP predictions for the 4D and 6D settings are shown in

Figures 6.3 and 6.4.
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Figure 6.3.: KMP mean trajectory with £2¢ envelope for GearMesh with 4D action space over
normalized time. (a) Translational components, (b) Rotational components.
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Figure 6.4.: KMP mean trajectory with +-2¢ envelope for GearMesh with 6D action space over
normalized time. (a) Translational components, (b) Rotational components.

For the NutThread task, the KMP predictions for the 4D and 6D settings are shown in
Figures 6.5 and 6.6.
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Figure 6.5.: KMP mean trajectory with +2¢ envelope for NutThread with 4D action space
over normalized time. (a) Translational components, (b) Rotational components.
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Figure 6.6.: KMP mean trajectory with £20 envelope for NutThread with 6D action space
over normalized time. (a) Translational components, (b) Rotational components.

The VAE training curves are presented in the following section.
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6.2. VAE Training Curves

To analyze the optimization behavior of the variational autoencoder, the KL loss, recon-
struction loss, and total loss were tracked throughout training for the PegInsert, GearMesh,
and NutThread datasets. Figures 6.7, 6.8, and 6.9 show the KL loss, reconstruction loss, and
total loss, respectively. In each figure, (a) corresponds to the training split and (b) corresponds
to the validation split.
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Figure 6.7.: KL loss curves of the variational autoencoder for Peglnsert, GearMesh, and

NutThread. (a) Training loss, (b) validation loss.
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Figure 6.8.: Reconstruction loss curves of the variational autoencoder for Peglnsert, GearMesh,
and NutThread. (a) Training loss, (b) validation loss.
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Figure 6.9.: Total loss curves of the variational autoencoder for Peglnsert, GearMesh, and
NutThread. (a) Training loss, (b) validation loss.

Collectively, these plots offer a comprehensive perspective on the convergence of the
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VAE across the three tasks. The KL loss measures the regularization impact on the latent
distribution, the reconstruction loss indicates the precision of the image reconstructions, and
the total loss encompasses the overall optimization goal during training. Analyzing the
training and validation curves assists in evaluating the consistency of the learned visual
representation across the three assembly environments.

The learning performance of all policy variants is presented in Section 6.3.

6.3. Learning Performance

The following figures show the learning performance of the SAC and KGRL policies across
the tasks in both 4D and 6D action spaces. For each task, representative frames from a
successful and an unsuccessful trial are shown before the learning curves.

6.3.1. Evaluation Metrics

Performance was evaluated using the following metrics:

¢ Mean reward: The mean reward is the average reward obtained by all parallel agents
(128 robots) during the evaluation episodes. This statistic provides insight into both
sample efficiency and stability of the learning process. The convergence of the mean
reward curves indicates how quickly the policies learn effective behaviors.

* Success rate (%): The percentage of successful task completions over the evaluation
episodes, reflecting the overall effectiveness of the learned policy in achieving the
desired task outcomes. Success was defined according to task-specific geometric and
contact criteria provided by the simulation environment.

¢ Mean contact force magnitude: This metric measures the average magnitude of the
interaction forces generated by the robots during an episode. It is computed by summing
the forces applied by all robots at every timestep and normalizing by the total number
of timesteps in one episode:

_ 1 N T
P=mﬁ2||Fi,t

where N = 128 is the number of parallel robots and T denotes the number of timesteps
in an episode. This metric provides an indication of how aggressively the policy interacts
with the environment during task execution.

, (6.1)

6.3.2. Peglnsert

This section reports the results for the Peglnsert task. Figure 6.10 shows representative
frames from the task execution, where (a) depicts a successful insertion and (b) a failed
attempt. Figures 6.11 and 6.12 report the learning curves for mean reward, success rate, and
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mean contact force magnitude in the Factory and Forge environments, respectively, for both
the 4D and 6D action space configurations.

(a) (b)

Figure 6.10.: Representative trials for the Peglnsert task. (a) Successful insertion, (b) failed

attempt.
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Figure 6.12.: Performance metrics for the Forge Peglnsert task. (a) 4D action space, (b) 6D

action space.

6.3.3. GearMesh

This section reports the results for the GearMesh task. Figure 6.13 shows representative
frames from the task execution, where (a) depicts a successful meshing and (b) a failed
attempt. Figures 6.14 and 6.15 report the learning curves for mean reward, success rate, and
mean contact force magnitude in the Factory and Forge environments, respectively, for both
the 4D and 6D action space configurations.
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attempt.

Figure 6.13.: Representative trials for the GearMesh task. (a) Successful meshing, (b) failed
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Figure 6.15.: Performance metrics for the Forge GearMesh task. (a) 4D action space, (b) 6D
action space.

6.3.4. NutThread

This section reports the results for the NutThread task. Figure 6.16 shows representative
frames from the task execution, where (a) depicts a successful threading and (b) a failed
attempt. Figures 6.17 and 6.18 report the learning curves for mean reward, success rate, and
mean contact force magnitude in the Factory and Forge environments, respectively, for both
the 4D and 6D action space configurations.
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(a)

!

(b)

Figure 6.16.: Representative trials for the NutThread task. (a) Successful threading, (b) failed

attempt.
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Figure 6.17.: Performance metrics for the Factory NutThread task. (a) 4D action space, (b) 6D

action space.
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Figure 6.18.: Performance metrics for the Forge NutThread task. (a) 4D action space, (b) 6D

action space.

Tables 6.2, 6.1, 6.3, and 6.4 report the final mean rewards, success rates, mean contact
force magnitudes, and times to first success across all tasks, environments, and action space

configurations.
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Table 6.1.: Final mean reward (mean =+ std, across 10 seeds) across all tasks, environments,
and action space configurations. Best configurations are highlighted in bold.

Task Method Factory Forge
4D 6D 4D 6D
KGRL 256.99 + 4748  319.60+30.63 2311045448  239.70 + 47.09
Peginsert SAC 1774343250  2048+2476 45967934  36.93 +52.95
VisionKGRL ~ 41425+5.60  413.07+583  390.53+1550 398.15 -+ 11.83
VisionSAC ~ 38029421.33  7.08+1859  468.50+2922  363.61 + 76.54
KGRL 17838 £10.26  159.87 +21.56 35857 +19.75  286.63 + 60.40
CearMesh  SAC 1600141317 0004000 362432498 23453 +192.21
VisionKGRL  354.44 + 24.53 356.85 +14.22 429.31 +12.83 388.37 +23.11
VisionSAC 2730942876 0004000 47034 +373  356.93 + 139.84
KGRL 236.56 4 26.63 195.61 4 24.15 249.06 £ 20.91 233.08 4= 20.60
NutThread  SAC 5883 +118.72  6423+9454  —0164+013  —0.46+024
VisionKGRL 355.28 + 13.88 384.03 +=12.99 362.92 +10.15 383.94 +10.28
VisionSAC 19874 +121.05 167.82+205.68 264.63+157.27 313.09 + 108.26

Table 6.2.: Final success rates (mean =+ std, across 10 seeds) across all tasks, environments,
and action space configurations. Best configurations are highlighted in bold.

Task Method Factory Forge
4D 6D 4D 6D
KGRL 0.797 £0.071 0.799 +0.060 0.660 +0.086 0.623 + 0.152
Peglnsert SAC 0.535 +£0.066 0.272+0.272 0.168 +0.200 0.184 +0.170
VisionKGRL 0.993 £0.005 0.998 +0.002 0.976 +0.007 0.976 £ 0.011
VisionSAC 0.919 £0.025 0.1144+0.192 0.989 +0.010 0.948 + 0.058
KGRL 0.527 £0.071 0.522 +0.080 0.934+0.019 0.823 £0.179
GearMesh SAC 0.574 +£0.055 0.000 & 0.000 0.963 +0.022 0.585 + 0.478
VisionKGRL 0.886 £0.022 0.912+0.041 0.991 4+0.008 0.943 + 0.037
VisionSAC 0.858 +0.083 0.000 4+ 0.000 1.000 +0.000 0.859 + 0.306
KGRL 0.624 +0.057 0.477 +0.050 0.692 + 0.050 0.574 + 0.043
NutThread SAC 0.139 £0.255 0.278 £0.394 0.000 + 0.000 0.000 £ 0.000
VisionKGRL 0.909 +0.031 0.892+0.028 0.939 £0.016 0.921 +0.019
VisionSAC 0.442 +£0.262 0.402 +0.481 0.678+0.353 0.843 +0.283
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Table 6.3.: Final mean contact force magnitude (mean = std, across 10 seeds) across all tasks,
environments, and action space configurations. Best configurations are highlighted

in bold.
Task Method Factory Forge
4D 6D 4D 6D

KGRL 0.787 +0.096 0.853 +0.072 3.517 +0.522 3.731+ 0.966
Peotnsert | SAC 2345+ 0.028 2.289+0307 4573 +1.027 4.659+1.297
CEMSETL VisionKGRL  0.648 + 0.017 0.695+ 0.137 3.272 +0274 3.080 + 0.468
VisionSAC 2472 +0.046 1.887+0.404 557740292 6.095+ 0.248
KGRL 119140047 1193 +0064 4378+ 0.156 4.486+ 0.301
ConrMedy  SAC 251040053 1.921+0504 6.117+0.152 3.916+ 2914
Carviesh  VisionKGRL 0.785+0.047 0.784 +0.061 4.011+0.144 3.775+ 0.395
VisionSAC 2531 +0.097 1982+ 0215 6.858+0.334 6.899 + 2.247
KGRL 0.510 £ 0.022 0.506 + 0.016 2.533+0.047 2.363 & 0.098
NutThreaq  SAC 1351 +0.801 1.811+1.075 0.11940.059 0.275+0.133
WHATEA VisionKGRL  0.508 = 0.019 0.508 + 0.020 2.596 + 0.082 2.538 + 0.084
VisionSAC 1942 +0.623 2.172+1.194 570042752 7.168 + 2.603

Table 6.4.: Time to first success in seconds (mean + std, across 10 seeds) across all tasks,
environments, and action space configurations. Best configurations are highlighted

in bold. “—” indicates no successful completion was recorded.
Task Method Factory Forge

4D 6D 4D 6D
KGRL 4174+1.454 4200+1.083 3.114+0.831 3.673+0.773
Peotnsert | SAC 3606+2144 5972+ 1448 2615+ 1473 3.879 + 2.480
€8S VisionKGRL 3.071 +0.602 3.222+0.499 3230+1.015 3.080 4 0.633
VisionSAC ~ 25134+1.495 51174+1.122 281142359 2.388 + 1.304
KGRL 4440 1757 4470 +1.084 2.742+1.027 3.665+ 0.654
CoarMesh  SAC 5.106 + 1.795 _ 2889 +1.647 2.970 + 1.120
Carvies - VisionKGRL  2.664 + 0.819 3.349 4+ 0489 2.768 - 0.827 2.959 -+ 0.632
VisionSAC  3.863 + 1.950 _ 2185+ 0.745 2.244 + 0.865
KGRL 8595+ 0.155 7.935+ 0.338 8.876+ 0.405 8.876 4 0.405

NutThreaq  SAC 7.050 +0.707 9.816 + 1.999 — —
UHATCA \isionKGRL 8497 +0.203 7.827 +0.237 8.558 + 0.263 7.980 + 0.293
VisionSAC ~ 7.1364+0964 7.0264 0654 7.6144+1213 84164 0.657
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This chapter evaluates the experimental results detailed in Chapter 6 and explores their
implications for learning-based robotic assembly. The discussion is structured by task to
enable a thorough analysis of the observed behaviors, succeeded by an analysis of the
recurring patterns that arise across all experiments.

7.1. Peglnsert Task

7.1.1. Factory Environment

In the 4D Factory Peglnsert configuration, as shown in Figure 6.11 (a), both KGRL variants
demonstrate a faster convergence and achieve higher final success rate compared to the
corresponding SAC baselines. The average contact forces produced by KGRL policies are
significantly lower than those generated by SAC policies. This suggests that KMP guidance,
governed by the variance of the demonstrations, enhances learning efficiency and facilitates
safer interactions with the environment during the insertion process.

The distinction becomes more evident in the 6D configuration, as shown in Figure 6.11 (b).
When the action space is extended to include complete end-effector pose control, both variants
of SAC are unable to learn effectively. The increased dimensionality of the exploration space
hinders unconstrained reinforcement learning from developing effective insertion strategies
within the given training budget. Conversely, both KGRL variants attain success rates similar
to those of their 4D equivalents. This illustrates that the trajectory prior provided by KMP,
shaped by the demonstration variance, effectively mitigates the increased complexity of the
higher-dimensional action space by restricting exploration to viable motion patterns.

7.1.2. Forge Environment

The Forge environment incorporates force observations into the state representation, thereby
modifying the learning dynamics. In the 4D Forge Peglnsert task, as shown in Figure 6.12
(a), SAC with vision demonstrates improved learning performance compared to the Factory
setting. Nonetheless, SAC without vision still achieves a low success rate, indicating that
proprioceptive and force data alone are inadequate for reliable task execution.

An important observation in this context is that VisionSAC and VisionKGRL achieve similar
final success rates. Nevertheless, VisionSAC achieves a higher cumulative reward. This
difference can be explained by analyzing the time to first success, as detailed in Table 6.4.
VisionSAC completes the task earlier than VisionKGRL, and because the success reward is
aggregated throughout the remaining period of the episode rather than being a singular
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signal, earlier task completion yields a greater total reward. The delayed completion time
of VisionKGRL can be attributed to its dependence on the demonstration trajectory, which
provides a particular approach velocity and motion profile. This limitation hinders the ability
of the policty to succeed the task as fast as unrestricted exploration might allow, but it also
leads to significantly reduced contact forces during the interaction. VisionKGRL attains
an equivalent success rate to VisionSAC while applying considerably reduced force to the
environment, indicating a safer and more regulated insertion behavior.

In the 6D Forge Peglnsert configuration, shown in Figure 6.12 (b), SAC without vision at-
tains a low success rate, whereas SAC with vision approaches the performance of VisionKGRL
more closely. Nonetheless, both KGRL variants demonstrate faster convergence, achieve
higher final success rates, and apply reduced contact forces compared to the SAC baselines.

7.2. GearMesh Task

7.2.1. Factory Environment

The 4D Factory GearMesh task shows a different pattern in contrast to Peglnsert, as shown
in Figure 6.14 (a). In this context, the convergence rate and final success rates of SAC and
KGRL are quite similar. Both VisionSAC and VisionKGRL attain comparable final success
rates; nevertheless, VisionKGRL achieves higher cumulative reward. This again can be
clarified by the time to first success indicated in Table 6.4. VisionKGRL accomplishes the
task faster in this case, which allows it to accumulate more success reward over the episode
duration.

In the 6D Factory GearMesh configuration, shown in Figure 6.14 (b), the pattern observed in
Peglnsert reappears. Both SAC variants are unable to learn due to the increased complexity of
the action space, whereas both KGRL variants achieve success rates similar to those in the 4D
setting. This further supports the claim that KMP guidance, derived from the demonstration
variance, is crucial for maintaining learning efficiency as the dimensionality of the action
space increases.

7.2.2. Forge Environment

In the 4D Forge GearMesh task, as shown in Figure 6.15 (a), VisionSAC exhibits a more
rapid convergence than VisionKGRL. Nonetheless, VisionSAC applies significantly greater
contact forces during training, both in the initial exploration phase and after convergence. An
analysis of the acquired behaviors provides an explanation for this difference.
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Figure 7.1.: Execution rollout of the VisionSAC policy on the 4D Forge GearMesh task,
sampled at equal intervals At = 0.035 over the normalized episode duration
t € [0.035,0.280].
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Figure 7.2.: Execution rollout of the VisionKGRL policy on the 4D Forge GearMesh task,
sampled at equal intervals At = 0.035 over the normalized episode duration
t € [0.035,0.280].

As illustrated in Figure 7.1, the unconstrained VisionSAC policy discovers an aggressive
strategy whereby the end-effector hits the first gear, then hits the second gear quickly, before
positioning for insertion. This behavior might accelerate convergence but produces significant
contact forces during each contact event. This exemplifies a key characteristic of unconstrained
reinforcement learning: in the absence of motion priors, the policy may discover solutions that
are efficient with respect to the reward signal but result in physically aggressive interactions
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that would be undesirable or hazardous in practical applications. The trajectory prior in KGRL
prevents such behaviors, as visible in Figure 7.2, by limiting the policy to operate within
the vicinity of a demonstrated motion pattern that gradually and smoothly approaches the
gear mesh configuration While final success rates of VisionSAC and VisionKGRL are similar,
VisionSAC consistently achieves a higher cumulative reward. Similar to the Forge PegInsert
case, Table 6.4 indicates that VisionSAC accomplishes the task more rapidly, resulting in a
greater accumulated reward despite equivalent success rates.

In the 6D Forge GearMesh configuration, shown in Figure 6.15 (b), both KGRL variants
achieve higher success rates and rewards compared to the SAC baselines. Moreover, the
SAC policies demonstrate significant variation across various random seeds, suggesting that
unconstrained learning in this high-dimensional context is extremely sensitive to initialization.
The KGRL variants, in contrast, consistently demonstrate reduced variance across seeds,
indicating enhanced robustness and reproducibility of the acquired behaviors. Low variance
across seeds is a beneficial characteristic in practice, as it indicates that the training result
is less reliant on random initialization and is more likely to yield a consistent policy in any
specific training run.

7.3. NutThread Task

7.3.1. Factory Environment

The NutThread task represents the most challenging assembly scenario, necessitating
sub-milimetric alignment and threading of a nut onto a bolt. In both the 4D and 6D Factory
environments, as shown in Figure 6.17, both KGRL variants achieve substantially higher
success rates and rewards compared to the SAC baselines. The SAC policies fail to converge
within the designated training episodes, suggesting that unrestricted exploration is inadequate
for discovering the specific threading behavior necessary for this task. The KGRL policies
apply significantly reduced force, which is crucial in a threading task, as excessive force may
result in cross-threading or mechanical damage.

7.3.2. Forge Environment

The Forge NutThread findings further highlight the complexity of this task. In both the 4D
and 6D environments, as shown in Figure 6.18, SAC without visual input attains a success
rate of zero, exhibiting no evidence of learning during the entire training period. The SAC
with vision demonstrates some learning capability, yet converges markedly slower than the
KGRL variants, displays greater variance across seeds, and applies significantly higher contact
forces. The force levels generated by the SAC policies in this task are especially concerning
from a safety standpoint, as they continously increase during training and might surpass
acceptable limits in a physical assembly system.

A notable observation in both Factory and Forge NutThread experiments is that KGRL
without vision and SAC without vision exhibit no indications of learning. This signifies that
visual perception is essential for completing the NutThread task. The threading operation
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necessitates sub-millimetric alignment precision, and even tiny misalignment between the nut
and bolt results in task failure. Proprioceptive and force observations alone are inadequate
for achieving this degree of alignment. Visual features facilitate the policy to execute precise
adjustments required to solve this task, by encoding the relative spatial configuration of the
nut and bolt.

7.4. Recurring Observations Across Tasks

7.4.1. Contact Force Reduction Through KMP Guidance

A constant observation across all tasks, environments, and action space dimensionalities
is that KGRL policies generate lower mean contact forces than SAC policies. This pattern is
consistent in Factory and Forge environments, across 4D and 6D action spaces, and applies
to both vision and non-vision variants. The KMP prior restricts the policy to operate within
the vicinity of the demonstrated motion, where the allowable deviation is governed by the
demonstration variance, thereby inherently preventing the aggressive contact interactions that
may occur from unrestricted exploration. This property is crucial for practical applications,
as excessive contact forces may harm the robot, the workpieces, or the assembly fixtures.

7.4.2. Robustness and Variance Across Seeds

KGRL policies consistently demonstrate reduced variance across various random seeds
in comparison to SAC policies. This phenomenon is evident across all tasks, particularly
in the more challenging configurations such as Forge GearMesh 6D (Figure 6.15 (b)) and
Forge NutThread (Figure 6.18). A reduced variance across seeds indicates that the training
results are more predictable and less reliant on specific initializalizations. This implies that a
reduced number of training runs are required to achieve an effective policy, thereby reducing
the likelihood of unsuccessful training attempts. This robustness is due to the structured
exploration facilitated by the trajectory prior, which decreases the sensitivity of the learning
algorithm to the initial policy parameters.

7.4.3. Action Space Dimensionality

The transition from 4D to 6D action spaces significantly influences learning efficiency. In
the Factory Peglnsert and Factory GearMesh tasks, as shown in Figures 6.11 (b) and 6.14 (b),
SAC entirely fails to learn in the 6D configuration, whereas KGRL preserves performance
levels comparable to the 4D case. This illustrates that KMP guidance is especially beneficial as
the dimensionality of the action space expands. The The KMP-based trajectory prior provides
a structured reference motion, informed by the demonstration variance, that significantly
alleviates the exploration challenge in higher-dimensional spaces. In the absence of such
guidance, the reinforcement learning agent is required to simultaneously discover suitable
behaviors across all six degrees of freedom, which poses a significant challange for the RL
agent.
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7.4.4. The Role of Visual Perception

The NutThread task provides the clearest evidence for the requirement of visual obser-
vations. In both Factory and Forge environments, all non-vision variants, whether SAC or
KGRL, show no signs of learning within given training budget. This indicates that visual
perception is not only beneficial but crucial for tasks necessitating sub-millimetric alignment
precision. The visual encoder captures spatial relationships between manipulated objects that
cannot be deduced solely from proprioceptive or force measurements.

Even in less challanging tasks such as PegInsert and GearMesh, visual observations still
improve performance and robustness, and remain important for achieving high success rates.

The usage of a visual encoder with fixed weights in reinforcement learning also enhances
training stability. The consistent visual representation during training enables the policy to
comprehend a stable feature space. This prevents representation drift, which could otherwise
introduce a non-stationarity state space into the learning process and hinder convergence.

7.4.5. Complementary Roles of Perception and KMP Guidance

The experimental findings suggest that visual perception and KMP guidance tackle different
aspects of the learning problem and are most effective when they are combined. KMP
guidance predominantly affects the action space by limiting exploration to viable motion
patterns, thus enhancing learning stability and decreasing contact forces. Visual perception, on
the other hand, enhances state representation by providing geometric and spatial information
regarding the relative arrangement of the manipulated objects.

The integration of both components produces policies that are stable during training
and adaptable during execution. KMP guidance guarantees that exploration is both safe
and effective, while visual observations allow the policy to adapt to changes in the initial
object pose and environmental conditions. The complementary relationship is most clearly
illustrated in the NutThread task, where KMP guidance alone is inadequate due to the
necessary alignment precision, and visual perception alone is insufficient because of the
complexity of the threading motion.

7.4.6. Influence of Environment Physical Properties on Contact Forces

A significant observation concerns the absolute magnitude of contact forces in the two
simulation environments. In the factory setting, despite the lack of force sensing in the obser-
vation space and the absence of a force penalty in the reward function, the average contact
forces are significantly lower than those observed in the corresponding forge experiments.
The difference is due to the different physical properties configured in Factory and Forge
environments within IsaacLab. The Forge environment utilizes higher task-space proportional
gains in its operational space controller, leading to a more rigid end-effector response, and
this consequently results in higher contact forces during environmental interactions. This
finding underscores that the physical parameters of the simulation environment, especially
controller gains and contact dynamics, significantly affect the force profiles observed during
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training and execution. The absolute force values reported in the experiments should be
interpreted within the context of the respective environmental configurations rather than
being directly compared between Factory and Forge. For practical implementation, careful
adjustment of controller gains is crucial to guarantee that the acquired policies operate within
permissible force thresholds.

7.5. Limitations

Despite the observed achievements, several limitations must be recognized. Firstly, the effec-
tiveness of the KMP trajectory prior is dependent on the quality of the demonstrations utilized
for its formulation. Unnecessary deviations or ineffective motion patterns in demonstrations
may bias the learning process towards suboptimal behaviors.

Secondly, recovery from substantial deviations from the nominal trajectory can be challeng-
ing when employing KGRL. Since the trajectory progression in KGRL follows a fixed time
progression, the reference motion continues to advance even if the robot temporarily deviates
from the intended path. This may restrict the capability of the policy to naturally recover
from significant disturbances during execution.

Thirdly, the current framework depends on visual encoders that are customized for the
specific task. This may improve the quality of the learned representations for specific tasks,
but it might limit the scalability of the method when handling a wider range of manipulation
tasks. A more general visual representation, possibly obtained by using a more advanced
Vision Transformer (ViT) model such as DINOv2, may enhance transferability across tasks.

7.6. Implications for Contact-Rich Assembly

The findings of this thesis demonstrate that the combination of visual perception and KMP-
based trajectory priors represents an effective method for developing contact-rich assembly
skills. Visual perception improves geometric awareness and resilience under varying initial
conditions, whereas KMP guidance stabilizes exploration and facilitates safer interactions with
the environment. The task-specific results indicate that the significance of each component
is dependent on the requirements of the assembly task. For tasks with moderate alignment
requirements, KMP guidance alone can significantly enhance performance. Visual perception
is crucial for tasks necessitating high-precision alignment. The advantage of KMP guidance
becomes especially evident as the dimensionality of the action space expands. In the 6D
context, where the agent is required to manage all six degrees of freedom of the end-effector
simultaneously, unconstrained reinforcement learning consistently fails to discover effective
strategies within the training budget, whereas KGRL preserves performance levels comparable
to the 4D case. This indicates that the KMP-based trajectory prior effectively accommodates
the increased complexity within higher-dimensional action spaces, making it an essential
element for scalable assembly learning. The integration of visual perception and KMP
guidance provides the most robust and reliable performance across the evaluated tasks and
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conditions, indicating a promising direction for the advancement of learning based robotic
assembly systems.
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This thesis investigated the combined use of visual representation learning and probabilistic
trajectory guidance for reinforcement learning in contact-rich robotic assembly tasks. The
objective was to improve the stability, safety, and robustness of policy learning in manipulation
contexts marked by high-dimensional control, complex contact dynamics, and small tolerance
regions.

The Kernelized Guided Reinforcement Learning (KGRL) framework was enhanced to
incorporate multimodal observations, including proprioception, force sensing, and compact
visual latent representations obtained from task-specific Variational Autoencoders (VAEs).
The resulting framework integrates trajectory priors derived from demonstrations utilizing
Kernelized Movement Primitives (KMP) with reinforcement learning policies trained in the
NVIDIA IsaacLab simulation environments. The primary contributions of this thesis, as
presented in Chapter 1, are revisited below in the light of the experimental results.

The framework was validated through an extensive large-scale evaluation across Factory
and Forge simulation environments on increasingly challenging assembly tasks: Peglnsert,
GearMesh, and NutThread. Standard SAC policies were evaluated against trajectory-guided
KGRL policies and their vision-augmented counterparts in both 4D and 6D action space con-
figurations. A systematic multimodal ablation study was conducted across four observational
configurations: proprioceptive-only, force-augmented, vision-augmented, and combined
force and vision settings, in order to isolate the individual and combined effects of each
observation modality. The ablation study demonstrated that visual perception is essential
for high-precision tasks such as NutThread, where all non-visual variants are incapable of
learning.

Under all assessed conditions, trajectory-guided KGRL policies demonstrated decreased
contact forces and reduced variance across random seeds in comparison to standard SAC
baselines, thereby confirming enhanced safety and robustness. The decrease in contact forces
signifies a smoother interaction with the environment and implies that trajectory guidance
limits exploration to physically safer motion patterns.

The integration of visual representations demonstrated higher resilience against geometric
uncertainty. Visual observations provide supplementary information about object orientation
and alignment that cannot be acquired solely through proprioception or force sensing. The
incorporation of visual latent features enables policies to more effectively manage varying
initial conditions and object configurations, leading to a higher overall success rate.

The results obtained from the 6D action space setting are considered as the most significant
contribution of this thesis. The 6D configuration, in which the agent controls all six degrees
of freedom of the end-effector, is more general and more representative of real-world robotic
manipulation. In this context, unconstrained SAC consistently fails to learn across various
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tasks and environments, while KGRL attains success rates comparable to those achieved in
the 4D scenario. This illustrates that the KMP-based trajectory prior effectively accommodates
the increased exploration complexity that comes with higher-dimensional action space.

Overall, the experimental results demonstrate that the incorporation of structured trajectory
priors with visual perception is an effective method for developing contact-rich manipulation
skills, offering a systematic framework to improve the reliability of learning-based robotic
assembly systems.

Notwithstanding these promising results, several limitations remain. The effectiveness
of trajectory-guided reinforcement learning depends on the quality of the demonstrations
employed to establish the trajectory prior. Furthermore, the current formulation relies on
a predetermined trajectory progression along the normalized time variable, which might
limit the recovery behavior in cases of substantial deviations from the reference trajectory.
Additionally, the visual representation in this work utilizes task-specific Variational Autoen-
coders that are trained individually for each assembly scenario. While this provides compact
and task-relevant latent observations, it might restrict the generalizability of the perception
component.

Future research directions include multiple extensions of the proposed framework. A
promising direction relates to the recovery capability of KGRL when the robot encounters
undesirable states during operation. In the current formulation, KMP inference time increases
monotonically, regardless of the actual state of the robot. If the robot significantly diverges
from the intended trajectory, for example, as a result of an unintended collision that displaces
or disorients the object being held, the prior trajectory continues to advance, and the policy
attempts to execute the subsequent phases of the motion with an uncorrected pose. In
contrast to unconstrained reinforcement learning, which can revisit previous configurations
and reattempt strategies, KGRL is unable to regress along the trajectory. An appropriate
extension would involve enhancing the KGRL policy by incorporating the selection of KMP
inference time as an additional action dimension. This would enable the agent, upon
identifying an undesirable condition, to choose an earlier inference time, thereby returning to
an earlier phase of the nominal trajectory. The robot could subsequently adjust its position
and orientation before continuing the assembly motion. This mechanism would integrate the
safety and stability advantages of trajectory guidance with the ability of autonomous error
recovery.

Another important future research direction relates to visual representation learning. This
study employs frozen VAE encoders to obtain compact latent representations; however,
recent advancements in vision transformers offer more expressive visual representations.
Pretrained Vision Transformer models such as DINOv2 may provide semantically richer
attributes that generalize across diverse tasks and domains. Integrating transformer-based
visual representations into the KGRL framework may improve robustness to real-world
perceptual noise and facilitate sim-to-real transfer.

Ultimately, expanding the framework to real world robotic systems remains an essential
advancement towards practical implementation. The combination of trajectory-guided rein-
forcement learning with transformer-based visual representations and real-world perception
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systems may facilitate the reliable acquisition of contact-rich assembly skills directly on
physical robots.

These directions highlight the potential of integrating structured priors, modern visual
representation learning, and reinforcement learning to improve learning based robotic manip-
ulation in complex assembly scenarios.
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A. Appendix

This appendix contains additional material that supports the main thesis but does not
fit directly into the body of the document. Specifically, it provides further analysis of
the performance degradation observed when normalized time is excluded from the KGRL
observation and presents the corresponding training results.

A.1. Time Ablation for KGRL

An ablation study on the Isaac Forge Peglnsert task utilizing the 4D action space was
conducted to examine the impact of normalized time on the KGRL policy input. Four variants
were compared: KGRL with normalized time, KGRL without normalized time, vision-
augmented KGRL with normalized time, and vision-augmented KGRL without normalized
time.

Figure A.1 demonstrates a clear and consistent decline in performance when normalized
time is omitted from the policy observation. This effect exists in both standard KGRL
and the vision-augmented KGRL variants. When normalized time is included, the policy
achieves higher rewards, converges faster, and reaches significantly higher success rates.
Conversely, the variants without time demonstrate inadequate convergence and significantly
underperform compared to their counterparts.

This behavior is not coincidental, but arises directly from the structure of KGRL. The
policy operates on top of a trajectory prior generated by KMP, with the prediction explicitly
dependent on the normalized time s. The KMP mean and covariance are functions of s,
and therefore the reference trajectory and its associated uncertainty progress over time. In
particular, the covariance L(s) regulates the strength of the null space correction, which
governs how strongly the policy can deviate from the reference trajectory.

Consequently, normalized time is a crucial input for KGRL. In the absence of s, the policy is
unable to determine the current progression along the trajectory, therefore it cannot accurately
interpret the KMP output. A single local observation may correspond to various phases of
motion, each linked to different nominal mean trajectories and covariance structures. This
ambiguity makes it fundamentally difficult for the policy to learn a consistent mapping from
observations to null space actions.

Overall, this ablation demonstrates that normalized time is not a supplementary feature
but a fundamental component of the KGRL formulation. The KMP inference and the
corresponding null space correction are explicitly dependent on s; thus, its removal breaks
the underlying structure of the method. Consequently, all experiments in this thesis include
normalized time s as a component of the observation, including the SAC baselines.
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Figure A.1.: Training curves for the time ablation study on Isaac Forge Peglnsert with a 4D
action space. The figure compares KGRL and vision augmented KGRL, each
with and without normalized time in the observation.
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