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Predictive coding is a theoretical framework inspired by the brain’s mechanisms for
processing information. It holds significant potential for enhancing robotic control
systems, particularly in dynamic and uncertain environments. Traditional control
methods often rely on reactive error correction, which can lead to inefficiencies and
degraded performance under changing conditions. In contrast, predictive coding
manages these corrections proactively by minimizing prediction errors, resulting in
more stable and resilient robotic behavior. This study develops and evaluates a pre-
dictive coding framework for the Franka Emika Panda robotic arm, enabling adap-
tive and robust performance in response to environmental changes. The proposed
approach continuously updates the system’s internal model by comparing predicted
and actual sensory inputs in real time.

In this thesis, a hierarchical predictive model for robotic arm behavior is introduced,
operating across multiple temporal scales (e.g., 0.2s, 0.3s, and 0.5s horizons) to antic-
ipate future states and adapt motion accordingly. Complementing this structure is
a vision-in-the-loop system, which incorporates real-time camera feedback not only
for perception but also for predicting how the target will appear in future views.
This joint prediction of both physical movement and visual perception is combined
with an error minimization mechanism to ensure smooth and robust control, par-
ticularly during repetitive tasks and in environments with inherent uncertainty. By
continuously minimizing discrepancies between predicted and actual camera views,
the system refines its motion strategy to maintain optimal target visibility and cen-
tering when possible, while adaptively avoiding obstacles based on system confidence
estimates derived from the error minimization mechanism.

Simulation-based experiments demonstrate that the framework improves control
accuracy and robustness, especially in scenarios with high uncertainty and dynamic
changes. These findings highlight the potential of predictive coding to advance
adaptive robotic control, with future work aimed at real-world deployment and
broader generalization.

Keywords: Predictive Coding, Robotic Control, State Estimation, Error Minimiza-
tion, Vision in the Loop, Adaptive Control
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1 Introduction

1.1 Background Study

Predictive coding is a theoretical framework that models how the brain processes
and predicts sensory information through hierarchical neural networks [1]. This
framework has been extensively studied across various domains, including language
comprehension where studies show the brain generates predictions about upcoming
words and phrases [2]. The left temporal cortex handles lexico-semantic processing
during language comprehension, managing prediction errors related to word usage
and understanding. This region becomes particularly active when encountering un-
recognized words, while the Inferior Frontal Cortex processes these prediction errors
by updating and adjusting the brain’s internal models [2|. Several comprehensive re-
views have explored the mathematical foundations and algorithmic implementations

of predictive coding [3], [4].

The brain continuously operates in a state of prediction, comparing expected out-
comes based on prior knowledge against incoming sensory information. This pre-
dictive mechanism serves multiple purposes: reducing the cognitive load on sen-
sory systems, anticipating future events to enhance decision-making, and facilitating

learning through prediction error minimization.
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Prediction error is the mismatch between predicted and actual sensory informa-
tion. In robotics, this concept is crucial for developing adaptive control systems.
By continuously monitoring and minimizing prediction errors, robotic systems can
maintain accurate internal models of their environment, leading to more precise and
reliable control [1]. This is particularly important in dynamic environments where

sensory information may be noisy or incomplete.

Predictive coding is an important aspect for robotic control for tasks that requires
precise control such as industrial automation and robotic manipulation, it does this
by predicting sensory inputs and minimizing prediction error which allows robots to
adjust their actions in real-time leading to improved performance in dynamic and
uncertain environment [5]. It is also used in action inference and recognition, that is
cognitive robots are able to infer and recognizes actions by reusing common circuits
for both movement generation and action estimations just like the brain [6].In robot
cognitive development predictive coding enables robots to build world models similar
to human cognitive development which is important to develop adaptive and social
perception in robots, enabling them to predict outcome of actions and refine their

understand of their environment [6].

The application of predictive coding in robotics extends beyond basic control sys-
tems. It has been successfully implemented in various domains including autonomous
navigation [7], human-robot interaction [6], and complex manipulation tasks [5].
The integration of vision-in-the-loop and visual servoing has been foundational for
enabling robots to use visual feedback for real-time control and manipulation [8|,
[9]. The historical development of predictive coding in robotics traces back to early
work on hierarchical control systems in the 1990s, with significant advancements
in the last decade driven by improvements in computational power and machine

learning techniques [1]. The importance of hierarchical learning for sensory-motor
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systems and adaptive robot behavior has been extensively explored by Tani [10].
Recent work by Baltieri and Buckley [7|] has demonstrated that traditional PID
(Proportional-Integral-Derivative) control can be reinterpreted as a process of ac-
tive inference with linear generative models, providing a theoretical bridge between

classical control theory and modern predictive coding approaches.

1.2 Problem Statement

Traditional robotic control systems often struggle with dynamic and uncertain envi-
ronments, where sensory information may be noisy, incomplete, or rapidly changing
[1]. Studies have shown that conventional control approaches, such as PID con-
trollers and model-based methods, can exhibit significant performance degradation
in the presence of environmental uncertainty [7]. The work of Baltieri and Buckley
[7] has shown that while PID controllers are effective in many scenarios, their perfor-
mance can be enhanced by incorporating predictive coding principles, particularly

in dealing with non-linear dynamics and environmental uncertainty.

Existing solutions typically rely on predefined models or reactive control strategies,
which lack the ability to adapt to novel situations or learn from experience [6]. This
limitation becomes particularly evident in complex, real-world scenarios where the

system must continuously update its internal models and predictions.

This project addresses these challenges by implementing a predictive coding frame-
work for the Franka Emika robotic arm. The system incorporates real-time percep-
tion and learning-based adaptation, enabling it to predict environmental changes
and optimize control actions accordingly. This approach has the potential to im-
prove robotic performance in various applications, from industrial automation to

collaborative human-robot interaction.
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1.3 Aim and Objectives

The aim of this study is to develop and evaluate an advanced hierarchical predic-
tive coding control system for the Franka Emika Panda robotic arm. This sys-
tem is designed as a multi-component architecture that integrates a hierarchical
forward predictor with multiple prediction horizons for temporal abstraction, an
adaptive memory system that learns from past experiences to improve future pre-
dictions, a comprehensive error detection and a state estimation system that main-
tains confidence-weighted predictions across multiple timescales. The predictive
coding framework is intended to minimize prediction errors through real-time state
prediction and error minimization, experience-based memory influence on predic-
tions, hierarchical information flow between different temporal horizons, adaptive
confidence-based prediction optimization, and dynamic error scaling based on pre-

diction horizons.

Objectives

1. Design a hierarchical predictive coding framework that enables multi-
horizon prediction and integrates error detection, state estimation, and mem-

ory across temporal scales.

2. Develop an adaptive memory-augmented learning system that re-
trieves and weights past experiences to enhance future predictions across dif-

ferent horizons.

3. Create a robust error minimization and confidence estimation mech-
anism using horizon-based confidence metrics, and optimization guided by

memory integration.
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4. Evaluate system performance using multi-horizon error analysis and mem-
ory retrieval metrics to validate predictive accuracy, confidence adaptation,

and hierarchical influence.

1.4 Scope of Study

This research focuses specifically on the implementation of predictive coding princi-
ples for robotic arm control using the Franka Emika Panda platform. The study en-
compasses the development and implementation of predictive coding control within
the ROS framework, with particular emphasis on obstacle avoidance to target tasks
in simulated environments. The research concentrates on the integration of multi-
horizon predictions at 0.2s, 0.3s, and 0.5s intervals, alongside the implementation of
memory-based learning for trajectory optimization. While the study provides com-
prehensive evaluation of system performance through defined metrics and bench-
marks, it excludes physical hardware implementation and real-world testing. The
scope does not extend to complex manipulation tasks beyond obstacle avoidance
to target operations, multi-robot coordination scenarios, or human-robot collabo-
ration. Additionally, deep learning and neural network-based implementations fall

outside the current research boundaries.

1.5 Significance of Study

This research makes substantial contributions to the field of robotic control through
both technical implementations and practical applications. From a technical per-
spective, the study advances the understanding of predictive coding in robotics by
demonstrating the effective integration of multi-horizon predictions in control sys-

tems.
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The developed framework implements memory-based learning by storing and retriev-
ing successful trajectories, a strategy that has been shown to improve adaptability in
robotic manipulation and goal-oriented behavior [11], [12]. These implementations
are particularly significant as they address fundamental challenges in robot control
under uncertainty, using confidence-based heuristics and safety margins as described

in classical robotics literature [13], [14].

The practical significance of this research extends to real-world applications in in-
dustrial automation and robotic manipulation. The developed system demonstrates
improved performance in dynamic environments while reducing the traditional re-
quirement for precise environmental modeling. This advancement is particularly
valuable in industrial settings where environmental conditions may vary and pre-
cise modeling is challenging. Furthermore, the enhanced adaptability to changing
task conditions provides a foundation for more sophisticated robot control systems,
potentially influencing future developments in autonomous robotics and industrial

automation.

The results presented in this thesis confirm the effectiveness of the proposed ap-
proach in simulation, highlighting its potential for future real-world applications.Techniques
such as domain randomization have been proposed to bridge the gap between sim-

ulation and real-world deployment, enabling more robust sim-to-real transfer [15].

1.6 Thesis Structure

This thesis is organized into six comprehensive chapters. Chapter 1 serves as an
introduction, establishing the foundational concepts of predictive coding, presenting
the research motivation, and outlining the study’s objectives, scope, and signifi-
cance. Chapter 2 provides an extensive literature review, examining the theoretical

foundations of predictive coding, analyzing existing implementations in robotics,
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and identifying current challenges and limitations in the field.

Chapter 3 presents the methodology, detailing the experimental setup including the
Franka Emika Panda platform, Intel RealSense depth camera configuration, sim-
ulation environment, and data collection processes. The chapter also outlines the
system requirements, workflow procedures, and configuration parameters essential
for the research implementation. Chapter 4 focuses on implementation, providing
an in-depth examination of the system design including the state estimator, for-
ward predictor, error detector, prediction controller, system memory, and other core

components.

Chapter 5 presents the results and analysis, offering a detailed evaluation of the
system’s performance through trajectory analysis, hierarchical prediction perfor-
mance, memory system effectiveness, and comprehensive error analysis. The thesis
concludes with Chapter 6, which discusses the research implications, addresses lim-
itations, and proposes directions for future work in predictive coding for robotic

control.

This structure ensures a logical progression from foundational concepts to practi-
cal implementation, experimental validation, and critical reflection on the system’s

broader impact.



2 Literature Review

2.1 Introduction

The concept of predictive coding originated from Helmholtz’s work in the 19th
century. He proposed that the brain acts as a predictive model of sensory input.
In other words, the brain makes predictions about what it expects to see, hear, or
feel and compares these predictions with actual incoming signals [16|. This idea was
further developed by Rao and Ballard [17]. Their research proposed a hierarchical
predictive model where the higher brain areas send predictions to the lower area
of the brain, allowing the brain to minimize prediction error by comparing what is
expected with what is actually perceived. Clark [16] expands on this by presenting a
broader framework for predictive coding that goes beyond just explaining perception.
His framework allows for how actions are selected, attention is allocated, and how
beliefs are updated. Recent reviews, such as Spratling [3|, provide a comprehensive
overview of the evolution of predictive coding algorithms from their neuroscientific

origins to their computational implementations.

The core principles of predictive coding includes hierarchical prediction, where each
level of the neural hierarchy generates predictions about the expected activity of the
level directly below it; error minimization, which involves adjusting predictions based

on the difference between expected and actual sensory input; and top-down /bottom-
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up processing, where predictions (top-down) and sensory information (bottom-up)

interact to refine perception [16], [17].

Empirical evidence supporting predictive coding has been shown in various studies
which involve different aspects of the brain. For instance, in neuroimaging, studies
have shown that areas such as the visual cortex exhibit activity patterns consistent
with the predictions made by higher cognitive processes, validating the hierarchical
model proposed by Rao and Ballard [17]. In language comprehension, studies show
that the left temporal cortex is involved in generating words and phrases, while
the inferior frontal cortex handles prediction errors for semantically inconsistent

inputs [2].

The transition of predictive coding from neuroscience to robotics has been facili-
tated by its computational efficiency and adaptability. Clark [16] highlights how
predictive coding serves as a unifying framework for understanding both perception
and action, making it particularly relevant for robotic control systems. By mimick-
ing the brain’s predictive mechanisms, robots can better anticipate environmental
changes and adjust their actions accordingly. Computational frameworks for pre-
dictive coding, as outlined by Bogacz [18], have facilitated the application of these

principles in artificial systems, including robotics.

Predictive coding is particularly suitable for robotic control systems due to its ability
to handle uncertainty and variability in real-world environments. By employing
a predictive model, robots can continuously update their internal representations
based on sensory feedback, leading to more robust and flexible behavior. This
approach addresses the limitations of traditional robotics, which often rely on rigid,

pre-programmed responses that fail to adapt to dynamic conditions.
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2.2 Theoretical Foundations

The theoretical foundations of predictive coding provide the essential framework for
our robotic control implementation. These principles, drawn from neuroscience and
control theory, inform our multi-horizon prediction approach and memory-based
learning system. Understanding these foundations is crucial for developing robust
predictive control systems that can adapt to dynamic environments while maintain-

ing stable performance.

2.2.1 Hierarchical Prediction in Predictive Coding System

In predictive coding, the brain is viewed as a hierarchical system that predicts
sensory inputs at every level. Each level of the hierarchy generates predictions about
the level below it, while the lower level computes prediction errors by comparing
actual input with the predicted input. These errors are then passed upward to
update the higher-level predictions. This process enables efficient processing and

integration of sensory information [1], [7], [16], [19].

2.2.2 Multi-Horizon Prediction

The concept of hierarchical prediction in predictive coding, as proposed by Rao and
Ballard [17], has been extended to robotic control through multi-horizon approaches.
Hwang et al. [20] demonstrated how different temporal scales can be integrated for
improved control, while Tani and Nolfi [21] showed how hierarchical learning can be
implemented in sensory-motor systems. These works provide the theoretical foun-
dation for implementing predictive coding across multiple time horizons in robotic
control systems such as those explored by Yamashita and Tani [22], demonstrate the

emergence of functional hierarchies for prediction and control in robotic systems.

Our multi-horizon prediction system implements this hierarchical approach, with
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longer-horizon predictions influencing shorter ones, similar to the temporal hierarchy

demonstrated by Hwang et al. [20] in their human-robot interaction system.

2.2.3 Error Minimization

Error minimization refers to the brain’s process of reducing the difference between
predicted and actual sensory inputs, known as prediction error. Error minimiza-
tion is a central mechanism in predictive coding, as explored by Spratling [23], who
describes how prediction errors are incrementally reduced through recurrent pro-
cessing. This is achieved through a mechanism similar to gradient descent, where
predictions are adjusted incrementally to reduce error over time [7|. Importantly,
this process occurs at every level of the neural hierarchy, allowing each layer to
refine its predictions and contribute to a more accurate understanding of the envi-
ronment. Computational mechanisms for error correction, as reviewed by Franklin
and Wolpert [24], are fundamental for adaptive control in both biological and robotic

systems.

We implement this through the error detector and base prediction components,
which continuously update model parameters based on prediction errors, following
principles similar to those demonstrated by Lanillos et al. [25] in their adaptive robot

learning system.

2.2.4 Connection to Bayesian Inference

Predictive coding is closely related to Bayesian inference, where the brain uses a
probabilistic models to update beliefs about the world. The Bayesian brain hy-
pothesis, as reviewed by Knill and Pouget [26], provides a theoretical framework
for understanding how uncertainty and probabilistic inference are encoded in neural

systems, closely aligning with predictive coding principles. Whenever the brain is
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minimizing prediction error, it is actually doing Bayesian inference, updating its in-
ternal models to better handle uncertainty and make better predictions [7]. Bayesian
inference mechanisms, such as those described by Deneve [27], offer computational
models for how prediction errors are used to update beliefs in both biological and

artificial systems.

Our memory system implements this Bayesian approach by weighting past experi-
ences based on their relevance and success, similar to the experience-based learning

demonstrated by Baltieri and Buckley [7] in their adaptive control architecture.

2.3 Predictive Coding for Robot State Estimation

State estimation is fundamental to our predictive coding implementation, as it forms
the basis for generating accurate multi-horizon predictions and confidence-weighted
control actions. This section explores how predictive coding enhances traditional
state estimation approaches through continuous prediction and error minimization.
Classical and modern state estimation techniques, such as those described by Barfoot
28], provide the foundation for integrating predictive coding with sensor fusion in

robotic systems.

2.3.1 State Estimation

State estimation is the process of inferring the internal condition or state of a system
based on observable outputs and available inputs. It enables informed decisions and
control actions by providing the best possible guess about unobserved variables [29].
In robotics, this involves determining the robot’s current status, such as joint posi-

tions, velocities, and other relevant parameters necessary for motion control.

In our implementation, state estimation is handled by the State Estimator com-
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ponent, which integrates both proprioceptive (joint states), exteroceptive (camera
states) and predictive information to maintain accurate robot state estimates. This
approach builds on the work of Lanillos et al. [25], who demonstrated how predictive
coding can enhance state estimation accuracy in robotic systems. Predictive cod-
ing principles have been successfully applied to sensorimotor integration and state

estimation, as demonstrated by Adams et al. [30].

2.3.2 Body Schema Learning and Predictive Coding

Body schema learning refers to the process by which a robot develops an internal
representation of its own body, similar to how humans and animals understand their
own physical state or bodies. In traditional robotic systems, without predictive
coding, robots typically rely on predefined mathematical models or methods, such
as inverse kinematics. Inverse kinematics calculates the required joint parameters
(such as angles and lengths) based on the desired position and orientation of the

end-effector, using sensors like encoders to measure joint positions directly.

Another approach is Direct Sensor Fusion, where the robot integrates both pro-
prioceptive information (internal sensors, such as joint encoders) and extero-
ceptive information (external sensors, such as cameras for visual input) to build
and update its body schema. This fusion of internal and external sensory data en-
hances the robot’s ability to understand its state and the environment in real-time.
In our Pick and Place project [31], we employed this approach, allowing the robot’s
proprioceptive and exteroceptive sensors to work together, improving its compre-

hension of both its own movements and the surrounding environment.

With the integration of predictive coding, body schema learning becomes more
dynamic and adaptable. The robot continuously updates its internal model based

on prediction errors, which leads to a more accurate representation of its own body
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in space.

The importance of body schema learning for state estimation lies in the robot’s
ability to more accurately estimate its position and orientation within its environ-
ment. By constantly updating its internal representation based on sensory inputs
and minimizing prediction errors, the robot can better estimate its own state, such
as joint angles, velocity, and spatial configuration. This results in more precise and
reliable movement control, which is crucial for tasks requiring fine motor skills, like
grasping and manipulation, and is key for effective autonomous behavior in dynamic

environments.

2.4 Predictive Coding for Robot Control

Robot control through predictive coding represents a fundamental shift from reactive
to predictive control paradigms. Our implementation demonstrates this transition
through a multi-horizon prediction system that combines traditional control prin-
ciples with advanced predictive coding mechanisms. This section explores various

control approaches and their relationship to our predictive coding framework.

2.4.1 Control Methods in Predictive Coding

Traditional control methods, such as Proportional-Integral-Derivative (PID) and
Model Predictive Control (MPC), are widely used in robotics |7]. These methods
can be reinterpreted within a predictive coding framework, providing a theoretical

bridge between classical and modern approaches.

PID Controllers operate by correcting errors between a desired setpoint and the
actual state, using a weighted combination of the current error (Proportional), the

accumulated past errors (Integral), and the rate of change of the error (Derivative).
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While effective in many situations, PID controllers rely on fixed rules and are limited

in adaptability to dynamic or uncertain environments [25].

Model Predictive Control (MPC) uses a mathematical model of the system to predict
future states over a defined time horizon, similar to our multi-horizon prediction
approach. However, as highlighted by Oliver et al. [32], traditional MPC lacks the

adaptive learning capabilities inherent in predictive coding systems.

2.4.2 Model Reference Adaptive Controller

MRAC is a type of adaptive control scheme that adjusts controller parameters in
real-time to force the system’s behaviour to follow that of a predefined model. The
controller works by comparing the actual performance of the system with what the
reference model predicts, then adjusts the control gains to minimize error [33|. This

approach shares similarities with our confidence-weighted control system.

Hwang et al. [20] demonstrated how adaptive control can be enhanced through
predictive coding principles, particularly in handling temporal dependencies. Our
implementation builds on this work by incorporating multiple prediction horizons

and memory-based adaptation.
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Table 2.1: Comparison of Control Methods

Controller | Description Adaptability | Model Requirement | Computational Cost | Key References

PID Error-based rule controller Low Low Low [7]
using proportional,
integral, and derivative

terms

MPC Predicts future system Medium High High [32]
states using a model and
optimizes control inputs

over a time horizon

MRAC Adapts control policy to High Medium Medium [33]
match the behavior of a

predefined reference model

AIC Uses generative models to Very High Probabilistic Model Medium-High [25]
minimize prediction error
through perception and

action

2.5 Learning and Adaptation in Predictive Coding
Systems

Learning in predictive coding systems is driven by an ongoing feedback loop: the
system generates predictions, compares them with actual sensory input, minimizes
the resulting prediction error, and updates its internal state accordingly. This cycli-
cal process represents a single experience. Over time, as the system repeats this
loop across numerous interactions, it accumulates experiences that refine its inter-
nal representations. With each iteration, the system becomes increasingly adept
at modeling the environment, mirroring the way biological organisms learn from

experience.
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2.5.1 Memory Systems in Predictive Coding

Memory systems in predictive coding frameworks have evolved from simple error
storage to complex experience-based learning. Tani and Nolfi [21] proposed a hier-
archical learning approach using recurrent neural networks, while Hwang et al. [20]
demonstrated how temporal patterns can be learned and applied in robotic control.
These works show how memory systems can be implemented to improve prediction

accuracy and control performance.

Our memory system implementation diverges from traditional RNN-based approaches
to better suit the requirements of real-time robotic control. Instead of maintaining

a continuous state representation through neural networks.

2.6 Multi-modal and Visual Predictive Coding

Multi-modal integration is essential for robust robotic control, particularly in our
predictive coding implementation where both proprioceptive (joint states) and ex-
teroceptive (camera) information guide the Franka Panda’s actions. This section
explores how different sensory modalities are integrated within a predictive coding
framework to enhance prediction accuracy and control performance, with particular
emphasis on the fusion of visual and proprioceptive information that our system

employs.

2.6.1 Multiple Modalities

Multi-modal predictive coding involves processing and integrating predictions across
multiple sensory modalities such as vision, touch, sound, and proprioception simul-
taneously. This integration allows a system to form a more robust and coherent

internal representation of the environment.
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Proprioception is the body’s ability to sense its own position, movement, and bal-
ance, such as how humans know where their limbs are and what they are doing
without needing to look. In robotics, proprioception refers to internal sensing mech-
anisms, including joint positions, motor angles, force/torque, velocity, and accel-
eration. These are typically measured using joint encoders (for angles), inertial
measurement units (IMUs) for orientation, and force/torque sensors for physical

interaction.

Utilizing multiple sensory modalities is crucial for robust prediction. When one sen-
sor fails or becomes unreliable, another modality can compensate. This approach
was adopted by Hwang et al. [20], where their model integrates both vision and
proprioception through separate but interconnected pathways. Each sensory stream
is structured hierarchically: lower levels encode detailed features (e.g., pixel inten-
sities for vision, joint angles for proprioception), while higher levels abstract these
into patterns or system-level interpretations. This hierarchical coupling ensures that
predictions in one modality can inform and influence predictions in another, leading

to improved cross-modal consistency and error correction.

2.6.2 Visual Predictive Coding

Visual predictive coding enables a system to utilize visual inputs, such as images
from a camera, to infer and predict its own body state. In the framework proposed
by Sancaktar et al. [34], the robot generates a predicted visual input based on its
current internal body estimate and compares this with the actual camera image. The
discrepancy between the predicted and observed images is then used to update its
internal model, allowing it to refine its understanding of body position and posture
over time. This vision-based approach allows the robot to visually monitor and

correct its bodily estimates in a self-supervised, closed-loop manner.
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2.6.3 Vision in Loop Control System

The implementation of vision-in-loop control in this system draws from several key
developments in robotic vision and predictive control. The architecture follows a
hierarchical structure similar to the predictive coding framework described by [35],
where visual feedback is continuously integrated into the control loop. The system
employs a multi-object detection and tracking approach inspired by [36] and [37], but
adapted for real-time robotic applications with specific focus on target and obstacle

detection.

The visual servoing system incorporates predictive control principles, following the
framework established by [38|. This is achieved through a three-tiered processing
pipeline: the Multi Object Detector for raw visual data processing, the Camera
Processor for real-time state maintenance, and the Camera View Predictor for future
state estimation. This structure enables the system to not only react to current

visual information but also anticipate future visual states.

The integration of these components allows for robust target tracking and obstacle
avoidance, even in dynamic environments. The implementation follows the control
principles described in [13], but extends them with predictive visual capabilities,

creating a more anticipatory control system.

our vision-in-loop system incorporates several key innovations that enhance its per-
formance and capabilities. The system implements real-time multi-object tracking
with color-based segmentation, enabling efficient object detection and tracking. A
sophisticated predictive camera view estimation system allows for anticipatory con-
trol actions. The dynamic obstacle tracking system incorporates confidence metrics
to improve reliability, while integrated visual state prediction ensures smooth and

accurate control. These features work together to maintain target visibility while
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avoiding obstacles, demonstrating the practical application of theoretical frameworks

in real-world robotic control scenarios.

2.7 Uncertainty in Predictive Coding

Uncertainty handling in predictive coding systems has been approached in various
ways. Lanillos et al. [25] discussed different approaches to managing uncertainty in
robotic control, while Oliver et al. [32] demonstrated practical implementations of
uncertainty-aware control. These works provide insights into how uncertainty can

be managed in predictive coding systems.

2.7.1 Confidence-Based Control

Confidence-based control approaches in predictive coding systems have been devel-
oped to handle varying levels of prediction certainty. Oliver et al. [32] showed how
confidence metrics can be used to adjust control actions, while Lanillos et al. [25]
demonstrated how uncertainty can be incorporated into control decisions. These ap-
proaches provide frameworks for implementing confidence-aware control in robotic

systems like we have done in our own system.



3 Methodology

3.1 Introduction

This chapter outlines the methodological framework employed to implement and
evaluate predictive coding for robot arm movement using the Franka Emika Panda
robotic arm. We begin by introducing the hardware components, namely the Panda
arm and the Intel RealSense D435 depth camera, followed by a detailed description
of the camera-to-robot transformation used in our eye-in-hand configuration. We
then describe the simulation environment built using ROS and Gazebo, the real-
time control system enabled by Movelt Servo, and the full data processing pipeline,
from perception to motion execution. A system architecture diagram illustrates how

these components interact.

3.2 The Franka Emika Panda

The Franka Emika Panda stands out as our top choice for predictive coding research
in simulation. This 7-DOF arm comes with detailed simulation models that capture
its real-world dynamics, including the joint torque sensing that’s crucial for our

prediction-error feedback approach.

We chose the Panda over other options mainly because of practical software con-
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Figure 3.1: Franka Emika|39].

siderations. The Franka ROS packages provide ready-to-use simulation tools with
accurate models and well-documented interfaces, which saved us implementation
time. Panda has a large community support for simulation resources and also nu-

merous GitHub repos and academic implementations we could build upon.
The Panda’s key specifications make it particularly suitable for our work|39]:

e 7 degrees of freedom with a 3kg payload capacity

Joint torque sensors at all joints with 1kHz sampling rate

40.1mm position repeatability

e 0.85m reach with a compact footprint

Cartesian impedance control with configurable stiffness (0.1-3000 N/m)

Gazebo works with the Panda, giving us physics-accurate simulations that reliably
reproduce the arm’s behavior essential when we're training and validating our pre-

dictive models. The Movelt library integration is another time-saver, offering a clean
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interface for executing trajectories without getting bogged down in low-level control

detalils.

The active developer community around the Panda means simulation tools keep im-
proving, and techniques developed in simulation transfer more reliably to hardware.
This practical combination of open-source tools, accurate models, and community
support lets us focus on our predictive coding algorithms rather than fighting with

platform-specific quirks.

3.3 Intel RealSense Depth Camera D435

Figure 3.2: Intel Realsense Depth Camera D435[40].

The D435 is Intel’s depth-sensing camera built for robotics and computer vision
tasks. It merges traditional RGB imaging with stereo depth sensing to capture
both color images and precise depth measurements. At its core, the camera pairs

infrared stereo vision with Intel’s D4 processor to create depth maps in real-time.
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This makes the D435 especially useful for robotic systems that need to understand

their surroundings and detect objects [40].

Key specifications of the D435 include a depth field of view of 87° x 58° x 95°
(Horizontal x Vertical x Diagonal) and an RGB field of view of 69.4° x 42.5° x
77°. The depth camera operates at up to 90 frames per second with a resolution
of 1280 x 720, while the RGB sensor captures at 1920 x 1080 resolution at 30 fps.
The camera’s effective depth range extends from 0.2 meters to approximately 10
meters, with optimal performance between 0.3 and 3 meters [40]. In our simulation
environment, these specifications are maintained without the physical limitations
and noise patterns typically present in real-world deployments.

For collecting data from the camera we setup a ROS node called Multi-Object De-
tector, this node processes real-time feeds from the camera utilizing both RGB and
depth sensors. The node subscribe to the raw RGB and depth image topics, where
it performs color-based detection to identify blue targets and green obstacles us-
ing HSV color thresholding. When objects are detected, the node combines the
2D pixel locations from the RGB image with corresponding depth data to calcu-
late precise 3D positions in world coordinates. This transformation from camera
to world coordinates uses the camera’s intrinsic parameters and TF transforma-
tions. The detected object positions are then published as ROS messages on the
/blue_object_detection and /green_object_detection topics, which are used

by the predictive coding controller for target tracking and obstacle avoidance.

3.4 Camera To Franka Arm Transformation

The RealSense D435 camera is mounted on the Franka robot’s end-effector (eye-in-
hand) using a fixed transform defined in the URDF XACRO file of the robot arm.

The camera is positioned 5 centimeters forward and 2 centimeters to the right of
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the hand’s center, with no vertical offset. Its orientation is set by rotating -90 de-
grees around the Y-axis (pitch) and 180 degrees around the Z-axis (yaw), effectively
pointing the camera’s view perpendicular to the robot’s hand. This transform con-
figuration is automatically integrated into ROS’s Transform (TF) system, allowing
the robot to accurately convert between camera coordinates and world coordinates

when detecting objects.

3.5 Simulation Environment

For the totality of this project we use Gazebo simulator along side ROS(Real-time
operating system) to perform the action of controlling the arm and moving towards
the target from the camera feed while avoiding the obstacles along it’s path using the
predictive coding model. We make use of libraries such as 1ibfranka, franka_ros
and Movelt for getting joint state of the arm and sending move commands, for the

camera we used realSense provided library for getting all readings. see Figure 3.3

3.6 Movelt Servo

The predictive coding control system interfaces with the Panda robot through Movelt
Servo’s velocity control framework, chosen for its ability to handle real-time control
based on continuous model predictions. The control flow begins with the joint
processor node subscribing to /joint_states to monitor the robot’s current state
at 100Hz. This state information feeds into our predictive coding model, which
generates velocity commands based on the difference between predicted and actual
states, particularly when tracking detected objects from the RealSense D435 camera
mounted on the end-effector.

The velocity commands are published through the /servo_server/delta_twist_cmds

topic at 10Hz, as configured inside the controller node. Movelt Servo internally han-
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Figure 3.3: Simulation Environment

dles the inverse kinematics through Jacobian calculations, converting our Cartesian
velocity commands into joint velocities while respecting the robot’s kinematic con-
straints. This approach provides more responsive control compared to position-based
planning, which would require complete trajectory generation, or torque control,
which is more suited for force-sensitive tasks.

For Servo parameter tuning, we maintain the default velocity scaling factor of 0.5
m/s for Cartesian movements, balancing between responsive motion and safe op-
eration. The command update rate of 10Hz was chosen experimentally to allow

sufficient time for the predictive model to process sensor data and generate mean-
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ingful predictions while maintaining smooth motion. This configuration provides a
practical balance between computational load and control responsiveness, though

higher rates could be achieved with further optimization.

3.7 Workflow Diagram

Hardware Vision System Control System

RealSense D435

‘ Multi-Object Detector |  ————| Predictive Coding 3
Ferget /Obsta l Vel !

oint State

Franka Arm Movelt Servo

Target and Obstacles Detection

,,,,,,,,,,,,,,,,,,,,

Figure 3.4: System Architecture Overview

The system architecture integrates three main components: the vision pipeline,
transform system, and control loop. The vision pipeline begins with the RealSense
D435 camera providing RGB and depth images, which are processed by the Multi-
Object Detector to identify targets and obstacles in the environment. The transform
system plays a crucial role in maintaining spatial relationships, converting camera
detections to world coordinates, and tracking the robot’s state through joint po-
sitions. These processed positions feed into the control loop, where the Predictive
Coding controller generates velocity commands based on its predictions. These com-
mands are then executed on the Franka Arm robot through Movelt Servo, enabling

real-time control based on visual feedback and predictive modeling.
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3.8 Data Collection Process

The performance of the predictive coding control system was primarily evaluated
within a simulation environment using ROS (Robot Operating System) and Gazebo,
specifically with the Franka Emika Panda robot model and RealSense depth camera
attached to it. The system implemented comprehensive performance measurement
through multiple metrics tracked by the Datalogger component, including predic-
tion accuracy (position and velocity errors across different horizons), system con-
fidence levels, memory system effectiveness (success rates, retrieval efficiency, and
influence metrics), and hierarchical performance indicators (inter-horizon influences
and constraint strengths). These measurements were captured through sophisticated
error detection mechanisms, confidence estimation algorithms, and memory system
analytics, all integrated within the ROS framework. The implementation shows that
testing was conducted exclusively in simulation, utilizing simulated sensor data and
state estimation, suggesting that future work could benefit from real-world testing
on the physical Franka Emika Panda robot to validate the system’s performance in

actual operating conditions and compare it with simulation results.

3.9 System Requirements

The project requires Ubuntu 20.04 LTS (Focal Fossa) as the operating system, paired
with ROS Noetic (ros-noetic-desktop-full) for the robotics framework. The simu-
lation environment is built on Gazebo 11.x, which integrates with Movelt 1.1.x
for motion planning and RViz for visualization. Essential ROS packages include
franka_ros for the Panda robot interface, moveit_servo for real-time control,
realsense2_camera with Intel RealSense SDK 2.0 for vision, and supporting pack-
ages like tf2_ros, cv_bridge, and image_geometry. The software stack relies on

Python 3.8 or higher, with key dependencies including NumPy for numerical com-
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putations, OpenCV for image processing.



4 Implementation

The predictive coding implementation for the Franka Panda robot integrates multi-
horizon predictions with memory-based learning to enhance robot control capabili-
ties. The system is designed to continuously predict and update its internal models
while generating confidence-weighted control actions, building upon established pre-

dictive coding principles.

4.1 State Estimator

The State Estimator fuses multi-modal sensor data to construct a temporally coher-
ent representation of the robot’s state. It integrates input from the Joint Processor,
which extracts end-effector position and velocity from joint sensors, and the Cam-
era Processor, which identifies target and obstacle positions using RGB-D and point
cloud data. The estimator maintains a history of the 50 most recent states to support

robust prediction and analysis.

The estimator outputs a Robot State object containing the current position, velocity,
target position, distance to target, target visibility, and detected obstacles. A feature
vector, including the current position, velocity, target coordinates, and prediction

time horizon, is extracted from the latest state for use in predictive modeling.
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4.2 Predictive State Manager

The Predictive State Manager system employs a hierarchical predictive coding archi-
tecture that integrates physics-based predictions with learned experiential patterns.
It is composed of three key components: the Forward Predictor as the central co-
ordinator, the Hierarchical Predictor for multi-horizon predictions, and the Base

Predictor for foundational state estimation.

4.2.1 Forward Predictor

The Forward Predictor orchestrates interactions among the prediction modules, er-
ror detection system, and memory network. It maintains predictions across multiple
horizons—specifically at 0.2s, 0.3s, and 0.5s—and continuously tracks errors and per-
forms verification. It also generates future camera view predictions to assess visual

consistency.

This component operates in a continuous loop defined by a prediction-verification-

adjustment cycle:

State;;; = Predict(State;) + Verify(Prediction;) + Adjust(Error;) (4.1)

4.2.2 Base Predictor

The Base Predictor handles the core prediction process, combining multiple velocity

sources into a single desired output:

Vdesired = Vtarget * Wtarget + Uview * Wyiew 1 Ucenter (42)

Weighting factors for target and view-based velocities are dynamically computed.
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In particular, wygrger is defined as 1.0 — (€yiew * Wyiew ), With wye,, being a predefined
constant reflecting the weight of camera view error. The centering term U.eper

provides an additional corrective force to stabilize movement.

Error prediction aggregates multiple components, each weighted according to its

importance:

Total Error = Zwi - e (4.3)

Over time, correction factors are updated adaptively using:

Correction,,, = Correctiony, - (1 — a - Error) (4.4)

where o determines the learning rate.

The base predictor continuously refines its predictions by updating a set of correc-
tion factors based on recent prediction errors and experience. After each prediction,
the system compares the predicted and actual outcomes, calculating errors in posi-
tion, velocity, camera view, and centering. These errors are used to adjust internal

correction factors, which act as scaling multipliers for the next prediction cycle.

When generating the desired velocity for the robot, these correction factors are
applied to the base velocity components (target direction, view-based adjustments,
and centering). As a result, the final velocity command is not only directed toward
the target but is also adaptively scaled and corrected to account for recent errors
and learned behaviors, leading to more accurate and robust motion in dynamic

environments.
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The base predictor leverages the memory system by retrieving similar past expe-
riences for the current state and prediction horizon. These experiences are used
to dynamically adjust the weighting factors for target- and view-based velocities.
Successful past experiences contribute to the calculation of a scalar memory influ-
ence, which modulates the final velocity output, allowing the system to adapt its

predictions based on learned behaviors and outcomes.

Obstacle avoidance is incorporated by introducing an avoidance correction vector,
which is computed based on the predicted error and the presence of obstacles in
the environment. This vector is normalized and blended with the target and view
velocities, with the blending factor determined by the predicted error. This mecha-
nism enables the base predictor to generate safe and adaptive trajectories, even in

the presence of dynamic or unexpected obstacles.

4.2.3 Confidence Calculation

Prediction confidence is determined by multiple factors, including time horizon,
distance from the current state, predicted error (which incorporates camera view
quality), and the base confidence. In implementation, these factors are combined as

a weighted sum:

Confidence = 0.2 - base _conf 4 0.3 - exp(—t) + 0.3 - exp(—d) + 0.2 - exp(—e) (4.5)

where t is the prediction time horizon, d is the spatial distance to the current state,

and e is the estimated prediction error (including camera view quality).
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4.2.4 Hierarchical Predictor

The Hierarchical Predictor performs multi-horizon forecasting while satisfying mul-

tiple constraints. The satisfaction of constraints is quantified using:

Satisfaction = Z w; - ¢ (4.6)

Here, each w; denotes a weight assigned to a particular constraint, and ¢; re-
flects the satisfaction score for that constraint. These include position consis-
tency (exp(—||Ap||)), velocity consistency (exp(—||Awv]|)), confidence consistency

((1 —|Acl)), and camera view consistency ((1 — |Aql)).

Constraint satisfaction values influence the blending factor used for adaptive correc-

tions:

1

Movement Factor

Blend Factor = (1 — Satisfaction) - Error Adjustment - (4.7)

This mechanism allows the system to modulate corrections based on the degree to

which constraints are violated.

4.2.5 Error Propagation

To maintain temporal consistency, the system propagates error between prediction

horizons. The propagated error is computed as:

Error Propagation = Z w; - |Aey] (4.8)
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where Ae; represents the difference in error between consecutive horizons and w; is

the corresponding component weight.

The forward predictor continuously learns from prediction discrepancies by adjusting
its internal parameters and preserving a history of past predictions for validation.
The magnitude and speed of learning are scaled according to the prediction horizon
and the prevailing error metrics, ensuring both short-term responsiveness and long-

term stability.

4.3 FError Detector

The Error Detector component is responsible for computing and tracking various
types of prediction errors in the predictive coding system. It takes a predicted state,
actual state, predicted camera view, and actual camera view as inputs, and calculates
several error metrics: position errors (both overall Euclidean distance and directional
vectors), velocity errors (overall and directional vectors), and camera view errors
(including target visibility, view quality, and centering error). These errors are
combined using adaptive weights that are updated based on error trends.The camera

view errors are further decomposed into view quality (70%) and centering error

(30%).

In addition to these scalar error metrics, the Error Detector also computes an ob-
stacle avoidance vector. This vector indicates the optimal direction for the robot
to move in order to avoid obstacles while still progressing toward the target. The
avoidance vector is included in the error metrics and is used in the Base Predictor to

influence the desired velocity of the arm to generate safe and adaptive trajectories.

The total error is computed as:
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Etotal = wposEpos + wvelEvel + wcam(0-7Eview + O~3Ecent6r> (49)

where Epos, Eyely Eyiew, and Egepnier are the position, velocity, view quality, and cen-
tering errors respectively, and wpes, Wyer, and Weqy,, are their corresponding adaptive
weights. The component maintains a history of these errors (up to 100 samples) and
computes error trends using a moving average of the last 10 samples. These trends
are used to adaptively update the error weights, allowing the system to prioritize
different types of errors based on their recent performance. The error metrics it
produces are used by other components, particularly the Hierarchical Predictor, to
adjust their predictions and learn from mistakes, forming a key part of the predictive

coding feedback loop.

4.4 Prediction Controller

The Predictive Coding Controller acts as the central processor of the system, em-
ploying a hierarchical control structure that integrates multiple components into a
continuous prediction—error—learning loop. It coordinates four core modules: the
State Estimator for processing sensor data and the current robot state, the Forward
Predictor for generating hierarchical predictions, the Error Detector for computing

prediction errors, and the Memory System for experience storage and retrieval.

Velocity commands are generated through a layered prediction mechanism, formal-

ized as:

Uemd = Vimmediate T Vtrajectory + Ustrategic (410)

Each term in this equation corresponds to a specific control signal: Uimediate T€-
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flects short-term predictions; Tiyajectory accounts for trajectory adjustments based on

medium-term predictions; Usgategic handles long-term strategic planning.

To ensure safe and stable motion, the controller enforces several constraints: the

total command velocity is capped at ||Uemal| < 0.5 m/s.

The system operates across multiple prediction horizons, each with its own confi-
dence threshold. Short-term predictions guide immediate responses, medium-term
predictions adjust trajectories when the confidence exceeds 0.6, and long-term pre-
dictions steer strategic behavior when confidence exceeds 0.8. This layered structure
allows the controller to respond effectively across temporal scales, balancing respon-

siveness with long-term planning.

4.5 System Memory

The Memory System implements an experience-based learning mechanism that
stores and retrieves robot movement experiences. Operating with a fixed-size buffer
of 1000 experiences, it maintains three primary memory structures: a general ex-
perience queue, an obstacle-specific experience queue, and a trajectory memory for
successful movements. Each experience encapsulates the robot’s state, prediction,
actual outcome, and error metrics at a given time. The system employs a similarity-

based retrieval mechanism where:

S(s1,89) =0.5-e P22l g2 7=l 403,50 (4.11)

where S(s1, s9) represents the similarity between two states, with position similarity
weighted at 50%, velocity similarity at 20%, and obstacle similarity at 30%. Ex-

periences are classified as successful using a relative improvement approach - an
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experience is successful if its error is below the average of recent experiences, with a
fallback to an absolute threshold (e < 0.5). These successful experiences are stored
in the trajectory memory for future reference. The system supports retrieval of
similar experiences (k-nearest neighbors) and prioritizes obstacle experiences when
obstacles are present. Memory influence on predictions scales with the success ratio
of similar experiences, with a minimum influence of 10% when no successful experi-
ences exist. The success rate is continuously updated as Tsuccess = Msuccess ful / Ttotal

providing a metric for learning progress.

4.6 Camera Processing System

The camera processing system consists of three main components: the Multi Object
Detector for raw visual detection, the Camera Processor for real-time state process-
ing, and the Camera View Predictor for future state prediction. Together, these
components provide a comprehensive visual perception system that handles both

current and predicted camera views.

4.6.1 Multi Object Detector

The Multi Object Detector serves as the foundation of the visual system, process-
ing raw camera data from the RealSense D435. It uses HSV color segmentation
to detect blue targets and green obstacles in real time. Detection is depth-aware
through the use of camera intrinsics, and all coordinates are transformed from the
camera’s optical frame to the world frame. Contour-based object tracking with area
thresholding ensures robustness, while debug visualizations overlay coordinate data

for verification.
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4.6.2 Camera Processor

The Camera Processor maintains the current visual state by processing data from the
detector. It tracks both targets and dynamic obstacles, estimating their velocities
and monitoring visibility status. TF2 is used for managing camera transforms, and

occlusion is detected through depth comparisons.

To assess view quality, the processor computes several metrics: target visibility confi-
dence, obstacle interference, safe viewing angles, and view ratios. These metrics help
determine the suitability of the current view for control purposes. Obstacle histories
are stored and updated using a sliding window approach for velocity estimation. A

cleanup mechanism ensures stale data does not affect tracking accuracy.

4.6.3 Camera View Predictor

The Camera View Predictor forecasts future camera views based on motion and

scene dynamics. Future transforms are estimated using:

Tpredicted = Tcurrent +7- At (412)

It then predicts object positions and evaluates future view quality by estimating
visibility, potential occlusions, interference levels, and viewing angles. The system

anticipates dynamic obstacle movement and adjusts predictions accordingly.

This predictor uses a hierarchical model that accounts for camera motion, target
dynamics, obstacle trajectories, field-of-view constraints, and depth-based occlu-
sion. Consistency between current and predicted views is maintained using shared
utility functions for coordinate transformations, view ratio calculations, occlusion

detection, interference computation, and visibility quality assessment.
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This integrated approach ensures that all visual data, current and forecasted are

processed uniformly, providing reliable visual feedback to the control system.

4.7 Prediction Loop

The system implements a continuous prediction — control — correction loop in-
spired by predictive coding principles. In the prediction phase, the current robot
state (position, velocity, target position, camera view) is used to generate predic-
tions for the next robot state and camera view across multiple time horizons. These
predictions are generated by the Base Predictor and Hierarchical Predictor, ensur-
ing consistency between short-term and long-term predictions. In the control phase,
the predicted next state (and its confidence) is used to generate control commands
for the robot, guiding it toward the predicted state while maintaining target vis-
ibility and avoiding obstacles when required. In the correction phase, the actual
observed robot state and camera view are compared with the predictions, and Error
Detector computes error metrics (position error, velocity error, camera view error)
and also obstacles avoidance vectors. These errors are used to update correction
factors in Base Predictor, which influence future predictions to reduce prediction er-
ror. The Hierarchical Predictor ensures consistency between predictions at different
time horizons, propagating errors and adjusting predictions accordingly. This loop
creates a robust, error driven system that continuously refines its predictions and
actions, aligning with the predictive coding principle of minimizing the difference

between predicted and actual sensory input.

4.8 System Uncertainty

The system incorporates a robust uncertainty model to quantify and manage pre-

diction errors across multiple time horizons. The uncertainty is primarily captured
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through confidence scores and error metrics. In the prediction phase, each predicted
state (position, velocity, camera view) is assigned a confidence score, which reflects
the system’s belief in the accuracy of the prediction. This confidence is calculated
based on factors such as the time horizon (longer horizons yield lower confidence),
the distance between predicted and current states, and the magnitude of predicted
errors. The Error Detector computes detailed error metrics (position error, velocity
error, camera view error) by comparing predicted states with actual observed states.
These error metrics are used to update correction factors in Base Predictor, which
influence future predictions to reduce uncertainty. Additionally, the Hierarchical
Predictor ensures consistency between predictions at different time horizons, prop-
agating uncertainty and adjusting predictions accordingly. While our system does
not explicitly model uncertainty using a full probabilistic framework (e.g., precision
weighting or free-energy minimization), it effectively uses confidence scores and er-
ror driven corrections to manage uncertainty in a practical, real-time manner. This
approach allows the system to adapt dynamically to changing conditions, improving

prediction accuracy and overall performance.
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Figure 4.1: Vertical flowchart of the predictive coding system.



5 Results and Analysis

This chapter evaluates the predictive-coding controller in two simulated environ-
ments: (i) a free world without obstacles and (7i) an obstacle world with static
impediments between the start pose and the goal. We systematically compare the
controller’s performance across several key metrics, providing insight into its adapt-

ability and robustness in varying conditions.

This chapter as a whole addresses Objective 1: the design and implementation of a
hierarchical predictive coding framework that enables multi-horizon prediction and
integrates error detection, state estimation, and memory across temporal scales.
The following sections evaluate the framework’s performance with respect to the

remaining objectives.

Green 0: (0.42, 0.02, 0.00) L]

Creen 1: {0.48, —0.14, Om

(a) Starting Position Left View  (b) Starting Position Right (c) Starting Position Camera
View View

Figure 5.1: The starting position of the arm with respect to the target and obstacles
in Gazebo.
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We focus on four main aspects:
1. Trajectory performance,
2. Error-minimisation dynamics,
3. Average prediction error at three horizons (0.2, 0.3, 0.5 s), and
4. Hierarchical influence & system confidence.

For every metric we juxtapose the two scenarios in paired plots and discuss the

differences below each figure.

5.1 Trajectory Performance

The Trajectory Performance section specifically demonstrates the framework’s abil-

ity to generate robust, adaptive trajectories in simulated environments.

Trajectory adaptation is a primary indicator of the controller’s robustness in dy-
namic simulated environments. Figure 5.2 compares the end-effector trajectories

under both simulated environmental conditions.

In the free world (Fig. 5.2a) the robot arm moves directly towards the target without
any obstructions. The path to target is smooth and follows a nearly straight line from
the starting position to the target. The absence of obstacles allows the predictive
coding controller to optimize for the shortest and most efficient path. With obstacles
(Fig.5.2b) the predictive coding system must adapt its trajectory to avoid collisions
while still reaching the target. The trajectory exhibits clear deviations as the arm
navigates around obstacles, demonstrating the system’s ability to integrate sensory
feedback and prediction to generate safe, adaptive movements. The red crosses

mark the positions of obstacles, and the path shows smooth avoidance behavior
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3D Trajectory
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(a) Free world (no obstacles)
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(b) World with obstacles

Figure 5.2: End-effector trajectories under the two environmental conditions. Blue
lines denote trajectory paths; the green star marks the target; red crosses in (b)

locate obstacles.
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before converging on the target.

Key finding: The predictive coding controller enables efficient and adaptive target-
reaching behavior in both scenarios, with smooth obstacle avoidance in complex

environments.

5.2 Hierarchical Prediction Performance

This section addresses Objective 4 by evaluating system performance using multi-
horizon error analysis and confidence metrics, and Objective 3 by analyzing con-

fidence estimation mechanisms within the predictive coding framework.

5.2.1 Hierarchical Influence and System Confidence

System confidence, evaluated across multiple prediction horizons, provides insight

into the controller’s certainty under varying environmental complexity.

Figure 5.3 presents the evolution of system confidence across different prediction
horizons for both the obstacle-free and obstacle-rich environments. As expected,
the confidence for the obstacle-free scenario (dotted lines) is generally higher and
more stable than for the scenario with obstacles (solid lines), reflecting the increased

uncertainty and prediction challenges introduced by environmental complexity.
A closer inspection of the curves, however, reveals several important nuances:

Sharp Drop in No-Obstacle Case: In the obstacle-free environment, there is a
pronounced drop in system confidence across all horizons at around 10-15 seconds.
This drop coincides with a period during which the camera view ratio of the target
is low, meaning the target is either partially occluded or outside the field of view as

the arm moves. This perceptual limitation directly impacts the system’s certainty,
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Figure 5.3: Comparison of system confidence by prediction horizon in a free world
(no obstacles) and a world with obstacles. Solid lines represent scenarios with ob-
stacles (from top to bottom: 0.2s, 0.3s, 0.5s horizons), while dotted lines represent
scenarios with no obstacles (from top to bottom: 0.2s, 0.3s, 0.5s horizons).
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demonstrating that confidence is not solely a function of environmental complexity,

but is also highly sensitive to the visibility of the target in the camera view.

Sharp Increase in Obstacles Case: In the scenario with obstacles, a sharp in-
crease in system confidence is observed at around 30 seconds. This spike can be
attributed to two factors: (1) the camera view ratio of the target becomes high,
indicating that the target is clearly visible to the system, and (2) the arm has
successfully navigated past the obstacles, so obstacle influence on the system’s con-
fidence is minimal at this stage. The combination of clear target visibility and the
absence of immediate obstacles allows the system to regain high certainty in its

predictions.

General Trends: Overall, the system confidence in the obstacle-free environment
remains higher and more stable throughout the episode, while the presence of obsta-
cles introduces more variability and generally lower confidence, especially for longer
prediction horizons. This is consistent with the expectation that environmental
complexity and prediction horizon both contribute to uncertainty in the system’s

internal model.

Key finding: System confidence is influenced not only by the presence of obstacles
but also by perceptual factors such as target visibility in the camera view. Periods of
low confidence can result from occlusion or poor visibility, even in otherwise simple
environments, while high confidence can be restored when the target is clearly visible
and obstacles have been successfully avoided. This highlights the importance of
both environmental and perceptual factors in determining the certainty of predictive

robotic control systems.
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5.2.2 Average Error By Prediction Horizon

This subsection further addresses Objective 4, providing a detailed analysis of

predictive accuracy across different horizons.

The Average Error by Prediction Horizon bar chart effectively summarizes the sys-
tem’s predictive performance across different timescales. This combined analysis,
shown in Figure 5.4, highlights how prediction accuracy varies with both horizon

length and environmental complexity. The results reveal that, for both scenarios,

Average Error by Prediction Horizon

B Obstacles
P No Obstacles

Average Prediction Error

0.2 0.5

o
w

Prediction Horizon (s)

Figure 5.4: Comparison of average prediction error by horizon in a free world (no
obstacles) and a world with obstacles. The plot shows the average error for each
prediction horizon in both scenarios.

the average prediction error increases as the prediction horizon extends from 0.2s to
0.5s. This trend is expected, as longer horizons naturally introduce greater uncer-
tainty and prediction becomes more challenging. However, the presence of obstacles
consistently leads to higher average errors across all horizons, with the difference be-
ing most pronounced at the longest horizon (0.5s). This reflects the added difficulty

of making accurate predictions in a dynamic, obstacle-rich environment, where un-
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expected events and environmental complexity challenge the system’s adaptability.

Key finding: The predictive coding system maintains low errors in predictable
settings, but its accuracy is impacted by increased uncertainty and complexity, es-

pecially at longer horizons.

5.2.3 Memory Influence by Horizon

This subsection addresses Objective 2: the development and evaluation of an adap-
tive memory-augmented learning system and its influence on prediction accuracy

across horizons.

The Memory Influence by Horizon graph illustrates how the predictive coding sys-
tem dynamically leverages the memory module across different temporal horizons
throughout the simulation. The results show that, memory influence increases most
rapidly for the shortest horizons (0.2s and 0.3s), while remaining minimal for the
longest horizon (0.5s). In the obstacle-free environment (dashed lines), the sys-
tem quickly learns to rely on memory for short- and mid-term predictions, reflect-
ing the abundance of successful experiences in a predictable setting. In contrast,
the presence of obstacles (solid lines) leads to a more gradual increase and overall
lower memory influence, especially for longer horizons. This reflects the increased
challenge of learning from experience in a complex, dynamic environment, where

successful outcomes are less frequent and harder to generalize.

Key finding: The predictive coding system is more effective at minimizing error in
predictable environments, but remains resilient and adaptive even under challenging

conditions with obstacles.
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Figure 5.5: Comparison of memory influence by prediction horizon in a free world
(no obstacles) and a world with obstacles. Solid lines represent scenarios with ob-
stacles (Horizons 0.2s, 0.3s, 0.5s), while dashed lines represent scenarios with no
obstacles (Horizons 0.2s, 0.3s, 0.5s).

5.3 Error Minimization Progress

This section addresses Objective 3, focusing on robust error minimization and the

system’s ability to adapt under uncertainty in simulated environments.

To further evaluate the predictive coding system, we present a direct comparison
of its ability to minimize prediction error in the system. This combined analysis,
illustrated in Figure 5.6, highlights how environmental uncertainty influences the
system’s learning and adaptation dynamics. In the obstacle-free scenario, the system
demonstrates a rapid and consistent reduction in prediction error, reflecting efficient
adaptation in a predictable environment. The error curve for this case shows a
steady downward trend, indicating that the predictive coding system quickly learns

and stabilizes its predictions when uncertainty is low. In contrast, the presence
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Figure 5.6: Comparison of error minimization progress in a free world (no obstacles)
and a world with obstacles. The plot shows the smoothed prediction error over time
for both scenarios.

of obstacles introduces higher uncertainty and more frequent prediction challenges.
The error curve for the obstacle-rich environment exhibits more fluctuations and
occasional plateaus, with a generally slower rate of error reduction. This behavior
reflects the increased difficulty of making accurate predictions and adapting in a

dynamic, complex setting.

Key finding: The predictive coding system is more effective at minimizing error in
predictable environments, but remains resilient and adaptive even under challenging

conditions with obstacles.

Summary of Key Findings

This chapter demonstrates that the predictive-coding controller achieves robust
and adaptive performance across a range of metrics in simulation. In predictable,

obstacle-free simulated environments, the system rapidly minimizes error, maintains
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high confidence, and effectively leverages memory for accurate prediction and con-
trol. The introduction of obstacles increases uncertainty and prediction challenges,
leading to higher errors, lower confidence, and reduced memory influence, particu-
larly at longer horizons. Nevertheless, the controller remains resilient, adapting its
trajectory and continuing to minimize error even in complex, dynamic simulated
settings. These findings demonstrate the effectiveness of the predictive-coding con-
troller in simulation. Future work will focus on transferring and validating these

results in real-world robotic systems.



6 Conclusion and Future Work

6.1 Conclusion

This thesis presents a hierarchical predictive coding framework for the Franka Emika
Panda robotic arm, demonstrating significant improvements in adaptability and
learning within simulated environments. Motivated by the need for more adaptive
and robust robotic control, the work addresses key challenges in multi-horizon pre-
diction, memory integration, and confidence estimation. By integrating a forward
predictor that generates multi-horizon predictions (at 0.2s, 0.3s, and 0.5s), applying
hierarchical constraints for temporal consistency, and leveraging an adaptive mem-
ory module, the system achieves efficient and resilient control in both obstacle-free

and obstacle-rich scenarios.

All results and validations were conducted in simulation, providing a controlled and
repeatable environment to rigorously assess system performance. The controller
demonstrated rapid error minimization, high confidence in predictions, and effective
use of memory for adaptation, even as environmental complexity increased. These
findings confirm the feasibility and effectiveness of predictive coding for advanced
robotic control, and establish a strong foundation for future real-world deployment

and research.
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By systematically addressing these objectives, the thesis advances the state of the
art in simulation-based robotic control and offers a practical framework for ongoing

innovation in adaptive, learning-based robotic systems.

6.2 Limitations and Future Work

While the system demonstrates substantial capabilities, several limitations have been

identified, each presenting a clear avenue for future research and development:

6.2.1 Testing Environment Limitations

e Limitation: Validation was conducted solely in simulation environments (ROS

and Gazebo), without deployment on physical hardware.

e Future Work: Implement and validate the control system on the physical
Franka Emika Panda robot to assess robustness under real-world uncertainties

and noise.

6.2.2 Memory System Constraints

e Limitation: The memory system uses a fixed capacity (1000 experiences) and

static retrieval mechanisms, potentially limiting scalability and adaptability.

e Future Work: Develop dynamic memory capacity management and imple-

ment advanced experience clustering algorithms to enhance long-term learning.

6.2.3 Temporal Horizon Restrictions

e Limitation: The system operates with fixed prediction horizons (0.2, 0.3s,

0.5s), with limited flexibility in adjusting based on context.



6.2 LIMITATIONS AND FUTURE WORK 26

e Future Work: Enable adaptive horizon selection based on task phase, envi-
ronmental complexity, and uncertainty levels; enhance inter-horizon coordina-

tion mechanisms.

6.2.4 Environmental Interaction

e Limitation: The current implementation is restricted to static obstacle sce-

narios with fixed collision thresholds (e.g., 0.1 m).

e Future Work: Extend the framework to handle dynamic obstacle avoidance
and develop adaptive safety margins that respond to real-time environmental

changes.

6.2.5 Performance Optimization

e Limitation: Hyperparameters such as learning rates and confidence thresh-

olds were manually tuned, limiting adaptability across tasks.

e Future Work: Introduce automated hyperparameter tuning methods and

adaptive learning strategies to improve performance across diverse scenarios.

These limitations provide a clear roadmap for extending the current framework.
They not only highlight areas for refinement but also confirm the system’s foun-
dational effectiveness. This work lays the groundwork for further advancement of
predictive coding in robotic control, contributing both a practical implementation

and a research platform for ongoing innovation.

This work paves the way for more intelligent, adaptive robots capable of thriving in

uncertain and dynamic environments. The proposed framework could be extended
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to other robotic platforms or real-world tasks requiring adaptive, predictive control,

contributing to the broader advancement of autonomous robotics.
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