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Narrative-Driven Digital Twin Framework with Generative Al for Enhancing
Collaborative Robotics Education

Abstract

The growing adoption of collaborative robots (cobots) in modern industry calls for educational
approaches that emphasize intuitive reasoning about robot behavior, safety, and feasibility rather
than early dependence on low-level programming. This paper presents a narrative-driven digital
twin framework designed to support intent-centric learning in collaborative robotics education.
The system integrates Generative Al with an immersive simulation developed in Unreal Engine (a
real-time 3D graphics platform used to visualize robot motion, workspace interaction, and collision
conditions) allowing students to specify robotic tasks using natural language. Narrative inputs are
translated into structured symbolic task representations grounded in robot kinematics and con-
straint models before execution, ensuring transparency, feasibility, and safety-aware learning. An
exploratory pilot study involving two undergraduate students examined interaction feasibility and
learning-related behaviors through open-ended task activities, with system logs, observations, and
reflective feedback analyzed descriptively. Results indicate that 85-87% of narrative task descrip-
tions were successfully translated into executable motion plans, with iterative refinement driven
by constraint feedback. Observed interaction patterns suggest emerging spatial reasoning, con-
straint awareness, and sustained exploratory engagement despite no prior robot programming ex-
perience. Beyond demonstrating system feasibility, this work contributes a structured integration
of narrative interaction, constraint-grounded symbolic mediation, and immersive digital twins as
an educational robotics paradigm. The exploratory findings establish a preliminary empirical basis
for future scaled evaluation of conceptual development, transfer, and learner agency in human-
centered automation education.

Keywords: Collaborative Robot, Generative Al, Digital Twins, Simulation-based Learning
1. Introduction

The rapid adoption of collaborative robots (cobots) in advanced manufacturing and service-ori-
ented industries has fundamentally reshaped expectations for engineering graduates[1,2]. Unlike
traditional industrial robots that operate in fenced and isolated environments, cobots are designed
to work in close physical proximity to humans[3]. This shift introduces new technical and peda-
gogical demands, requiring engineers to reason simultaneously about kinematics, workspace con-
straints, safety, and human-centered interaction. As a result, robotics education must evolve be-
yond code-centric instruction toward learning experiences that emphasize intuitive understanding,
safe experimentation, and systems-level reasoning.
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Despite their growing industrial relevance, cobots remain challenging to integrate effectively into
undergraduate curricula[4]. Conventional robotics education often relies on low-level program-
ming languages, vendor-specific interfaces, and mathematically intensive formulations that pre-
sent steep learning curves for novice learners[5]. While these approaches are essential for ad-
vanced robotics training, they frequently delay meaningful engagement with real robot behavior.
Students may spend disproportionate time mastering syntax and tooling, rather than developing
intuition about robot motion, reachability, safety constraints, and human—robot interaction. Prac-
tical constraints further limit hands-on learning. Industrial cobots are costly, laboratory access is
restricted, and institutional safety policies often reduce student autonomy during early-stage in-
struction. Although cobots are inherently safer than traditional manipulators, improper task speci-
fication or misunderstanding of motion constraints can still pose risks. Consequently, introductory
laboratory experiences are often highly scripted, limiting experimentation, iteration, and explora-
tory learning. These limitations hinder the development of spatial reasoning, confidence, and con-
ceptual understanding.

Digital twin technology offers a promising pathway to address these challenges by enabling high-
fidelity virtual representations of physical robotic systems[6]. Digital twins provide a risk-free
environment for visualizing robotic behavior. Game-engine-based platforms, such as Unreal En-
gine, further enhance these experiences through realistic physics and immersive visualization.
However, many existing digital twin solutions remain programming-intensive, limiting their ac-
cessibility for early-stage learners. At the same time, advances in Generative Artificial Intelli-
gence—particularly large language models (LLMs)—have introduced new opportunities for hu-
man—machine interaction[7]. Natural language interfaces allow users to express task intent at a
conceptual level, abstracting away low-level syntax while preserving logical structure. In an edu-
cational context, this capability enables a shift from a code-first paradigm toward intent-centric
learning, where students focus on understanding system behavior, feasibility, and safety implica-
tions. Motivated by these developments, this paper presents a narrative-driven digital twin frame-
work that integrates Generative Al with an Unreal Engine—based simulation of a Universal Robots
UR3e collaborative robot[8,9]. Students interact with the digital twin using narrative-style natural
language instructions, which are interpreted by a large language model into structured task repre-
sentations grounded in formal kinematic and constraint models. Robot behavior is then simulated
within an immersive environment, allowing students to visualize motion, evaluate safety con-
straints, and iteratively refine task strategies without requiring physical hardware.

The proposed framework is designed to complement, rather than replace, traditional robotics in-
struction. By lowering barriers to entry, it enables earlier and more meaningful engagement with
collaborative robotics concepts while preserving opportunities for deeper technical exploration.
Through the integration of immersive digital twins and constrained Al-assisted interaction, this
work advances a human-centric, accessible, and safety-aware approach to collaborative robotics
education aligned with Industry 5.0 principles[10].
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The instructional perspective of this work is informed by constructivist and experiential learning
principles, which emphasize knowledge development through interaction, reflection, and iterative
refinement of understanding. The narrative-driven digital twin environment is designed as a cog-
nitive scaffold that allows learners to formulate intent, observe consequences, and revise strategies
in response to constraint-based feedback. This aligns with inquiry-based learning models in which
conceptual understanding emerges through exploration rather than procedural instruction. Gener-
ative Al interaction serves as a mediation layer that lowers syntactic barriers while preserving
agency and critical reasoning, supporting early engagement without replacing analytical thought.
This conceptual framing connects the system design, evaluation methodology, and interpretation
of learning behaviors investigated through the research questions that follow.

To guide evaluation of the proposed framework’s educational value, this study is structured around
the following research questions:

RQ1. To what extent can a narrative-driven digital twin framework enable novice learners to for-
mulate, execute, and iteratively refine collaborative robot tasks without prior experience in low-
level robot programming?

RQ2. What forms of spatial reasoning, constraint awareness, and task-planning behaviors emerge
when learners interact with a constraint-aware digital twin grounded in formal robot kinematics?

RQ3. How does natural-language interaction mediated by Generative Al influence learner engage-
ment, confidence, and exploratory experimentation in early-stage collaborative robotics educa-
tion?

RQ4 (Exploratory). To what extent do learners demonstrate progression from high-level narrative
task specification toward informed reasoning about robot feasibility, reachability, and safety con-
straints?

These questions frame the pilot study as an exploratory investigation of educational feasibility and
learning processes rather than a statistically powered evaluation of learning gains.

To clarify the instructional intent of the framework, the learning experience was designed to sup-
port the following objectives:

1. Formulate collaborative robot tasks at a conceptual level using natural-language intent de-
scription

Interpret feasibility feedback related to reachability, constraints, and safety
Develop spatial reasoning regarding robot motion and workspace limits

Understand safety-aware task planning in human-robot interaction contexts

A

Reflect critically on Al-assisted task interpretation and decision support
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These objectives guided activity design and informed interpretation of observed learning
behaviors in the pilot evaluation.2. Related Work

2.1 Digital Twins in Robotics and Engineering Education

Digital twin technology has gained significant attention in engineering education as a means of
bridging the gap between theoretical instruction and hands-on experimentation[11,12]. A digital
twin typically consists of a high-fidelity virtual representation of a physical system that mirrors its
structure, behavior, and operational constraints[13,14]. In robotics and mechatronics education,
digital twins have been widely adopted to support visualization of kinematics, simulation of con-
trol strategies, and exploration of system dynamics without the cost, safety risks, or scheduling
constraints associated with physical hardware[15,16,17].

Prior studies have shown that digital twins can enhance conceptual understanding, particularly in
areas such as spatial reasoning, coordinate transformations, and motion planning[18,19]. By al-
lowing students to observe cause—effect relationships in real time, digital twins support active
learning and iterative experimentation, which are difficult to achieve in traditional laboratory set-
tings[20]. Game-engine-based platforms, including Unreal Engine, Valve Engine and Unity, have
further improved the educational value of digital twins by offering realistic physics, immersive
visualization, and interactive user interfaces[21,22,23].

Despite these advantages, many educational digital twin implementations remain tightly coupled
to traditional programming workflows. Students are often required to write scripts or control logic
using vendor-specific languages or robotics middleware, which can limit accessibility for novice
learners. As a result, while digital twins reduce hardware-related barriers, they do not fully address
the cognitive challenges associated with early-stage robotics education. This limitation motivates
the exploration of alternative interaction paradigms that emphasize intent and conceptual reason-
ing over syntax.

2.2 Generative Al and Natural Language Interfaces in Engineering Education

Recent advances in Generative Artificial Intelligence, particularly large language models (LLMs),
have introduced new opportunities for natural language interaction with complex systems[24]. In
engineering education, LLMs have been explored as intelligent tutors, automated feedback pro-
viders, code generation assistants, and conceptual explainers[25,26]. These tools have demon-
strated potential to reduce cognitive load, support self-paced learning, and improve student en-
gagement by allowing learners to interact with technical content in more intuitive ways.

Natural language interfaces are especially relevant in domains characterized by complex syntax
and steep learning curves, such as robotics programming. By enabling students to express intent
using narrative or task-oriented language, LLMs can abstract low-level implementation details
while preserving logical structure. This abstraction aligns with pedagogical goals in early-stage
learning, where developing intuition and system-level understanding is often more critical than
mastering programming syntax.
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However, existing applications of Generative Al in engineering education are largely text-based
and disconnected from physical or simulated system behavior. While LLMs have been used to
generate code or explain algorithms, their integration with interactive robotics simulations remains
limited. Few studies have examined how narrative-driven Al interfaces can be coupled with im-
mersive digital twins to support experiential learning, particularly in the context of collaborative
robotics

2.3 Explainable AI in Robotics and Safety-Critical Education

As Al-driven decision-making becomes increasingly embedded in robotics and automation sys-
tems, the need for transparency and interpretability has become a central concern, especially in
safety-critical and educational contexts[27]. Explainable Al (XAI) seeks to make model decisions
understandable to human users, supporting trust, accountability, and learning[28]. Techniques
such as SHAP, LIME, and counterfactual explanations have been widely studied in machine learn-
ing research and have begun to appear in educational applications[29].

In robotics, XAl has been explored primarily to support operator trust, fault diagnosis, and safety
validation[30]. From an educational standpoint, XAl offers additional pedagogical value by ena-
bling students to understand why a system behaves in a particular way, rather than merely observ-
ing outcomes[31]. This transparency is particularly important in collaborative robotics, where
safety constraints, motion planning decisions, and human-robot interaction policies must be
clearly understood.

Despite growing interest in XAlI, its adoption in educational robotics platforms remains limited.
Most XAl studies focus on static datasets or offline model interpretation, rather than real-time
interaction within simulated or cyber-physical environments. Moreover, few educational systems
integrate XAl directly into digital twin frameworks in a way that supports student inquiry, reflec-
tion, and iterative learning.

2.4 Research Gap

Collectively, prior work demonstrates the individual benefits of digital twins, Generative Al, and
Explainable Al in engineering education. Digital twins enhance visualization and experimentation,
Generative Al lowers interaction barriers through natural language, and XAl promotes transpar-
ency and trust in Al-driven systems. However, these technologies are typically explored in isola-
tion, and their integration into a unified educational framework for collaborative robotics remains
underdeveloped.

In particular, there is a lack of educational platforms that combine immersive digital twins with
narrative-driven Al interaction to support safe, intuitive, and scalable robotics training. The frame-
work proposed in this paper addresses this gap by unifying digital twins, Generative Al, and XAl
within a cohesive, education-centered architecture tailored for collaborative robotics. This integra-
tion supports early engagement, conceptual understanding, and future expansion toward cyber-
physical and safety-aware learning environments.

While prior studies explore these technologies independently, no reported educational robotics
platform integrates immersive digital twin simulation, narrative task specification, symbolic con-
straint validation, and explainability-oriented feedback into a unified instructional workflow de-
signed specifically for novice collaborative robotics learning. This absence motivates the present
work, which contributes both an integrated architecture and exploratory educational evaluation
bridging interaction design, robotics modeling, and pedagogical grounding.
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3. System Architecture

This work introduces a narrative-driven digital twin architecture that reframes collaborative robot-
ics education around intent rather than code. The core idea is to allow students to express robotic
tasks using natural language while ensuring that those intentions are transparently grounded in
formal kinematic models, safety constraints, and executable motion plans. In doing so, the archi-
tecture lowers barriers to entry without obscuring the physical and mathematical foundations of
robot behavior.

The proposed architecture is distinguished by four integrated design principles. First, narrative task
specification enables intuitive interaction while remaining physically grounded in robot kinematics
and constraints. Second, an intermediate symbolic task representation separates large language
model (LLM) interpretation from robot execution, providing a critical layer for validation, explain-
ability, and safety. Third, a constraint-aware digital twin enforces joint limits, collision avoidance,
and manipulability considerations within an immersive Unreal Engine environment, allowing stu-
dents to safely explore both feasible and infeasible behaviors. Finally, the architecture is modular
and extensible, supporting future integration with real-time sensing, cyber-physical systems, and
advanced learning-based control methods.

Figure 1 conceptually positions the proposed framework within the broader landscape of robotics
education, illustrating how narrative interaction, digital twins, and Generative Al-assisted inter-
faces are integrated into a unified, iterative learning paradigm. Figure 2 then details the operational
architecture that enables this integration.
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Figure 1: Positioning of Narrative-Driven Digital Twins in Robotics Education.
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3.1 Design Philosophy and Theoretical Foundation

The system is designed around a hierarchical intent-to-motion abstraction, in which high-level
human intent is progressively transformed into robot motion through increasingly formal repre-
sentations. This design aligns with classical robot control architectures and human—robot interac-
tion (HRI) frameworks that decouple task specification, motion generation, and execution to im-
prove robustness, safety, and interpretability. From an educational perspective, this hierarchy al-
lows students to engage first with conceptual task formulation before encountering lower-level
kinematic and control details. Formally, the system follows the abstraction pipeline:

Natural Language Intent > Symbolic Task Representation > Motion Planning - Execution and
Feedback

Rather than relying on Generative Al to directly produce robot control commands, the framework
introduces an intermediate symbolic task representation that is explicitly grounded in robot kine-
matics and safety constraints. This design choice improves transparency, reduces the risk of un-
validated actions, and preserves student agency by separating semantic interpretation from physi-
cal execution.

Figure 2 illustrates this hierarchical architecture, showing how semantic interpretation, symbolic
task grounding, constraint validation, and motion execution are explicitly separated to ensure that
narrative input is translated into physically feasible and safe robot behavior.

From an instructional standpoint, this hierarchical abstraction directly operationalizes constructiv-
ist and experiential learning principles introduced in Section 1. By allowing learners to iteratively
formulate intent, observe system response, and revise strategies, the architecture transforms theo-
retical pedagogical positioning into actionable interaction design. The symbolic mediation layer
further supports reflective reasoning by exposing constraint-grounded interpretations rather than
opaque automation, reinforcing learner agency and conceptual transparency.

3.2 Robot Modeling and Mathematical Foundations

These models are not presented for computational completeness, but to explicitly ground the nar-
rative-driven interaction in formal robotics theory

3.2.1 Kinematic Modeling

The collaborative robot is modeled as a six-degree-of-freedom serial manipulator with joint con-
figuration:

q = 191,92 93,94, 95, 961" (D

where q; € R denotes the angular position of the i;, revolute joint.

The end-effector pose is expressed as a homogeneous transformation matrix T(q) € SE(3) ,
which encodes both position and orientation. Using standard Denavit—Hartenberg (DH) conven-
tions, the forward kinematics are computed as:

@ = [7ha@ @
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Where T} (q;) denotes the homogeneous transformation from link i — 1 to link i, parameterized
by joint variable q;.
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Figure 2: Architecture flowchart of the narrative-driven digital twin framework.

3.2.2 Differential Kinematics and Inverse Kinematics

The differential relationship between joint velocities and end-effector motion is described using
the Jacobian matrix J(q) € R®*®:

v="| =@ 3

Where v is the end-effector twist; p € R3 is the linear velocity of the end-effector; w € R3 is the
angular velocity of the end-effector; and ¢ € R® is the joint velocity vector. To compute joint ve-
locities for a desired end-effector twist v,, inverse kinematics are solved using a damped least-
squares (DLS) formulation to improve numerical stability near singular configurations:

q=J"(@U(@ +2*D7 vy (4)

Where A > 0 is a damping coefficient; I is the identity matrix; and v, € R® is the desired end-
effector twist. This formulation allows smooth and robust motion generation within the digital
twin environment while exposing students to core robotics principles.

3.2.3 Manipulability Analysis

To provide students with insight into robot dexterity and safety, a manipulability measure is com-
puted using Yoshikawa’s metric:

w(q) = y/det (@] (@) ®)

where w(q) is a scalar value indicating the robot’s ability to generate motion in arbitrary directions
from configuration q. Low manipulability values indicate proximity to kinematic singularities and
are used to generate warnings within the digital twin environment.
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3.2.4 Dynamic Model

For completeness and future cyber-physical integration, the robot dynamics are expressed as:

M(@QG+C(q,q) +9(q) =T+ Text (6)

Where M (q) is the joint-space inertia matrix; C(q, q) represents Coriolis and centrifugal effects;
g(q) is the gravity vector; T denotes commanded joint torques; and t,,; represents external inter-
action torques.

Although the mathematical formulations presented in Section 3.2 serve implementation purposes,
their inclusion is pedagogically intentional. Explicit grounding of motion execution in forward and
inverse kinematics, manipulability analysis, and constraint modeling ensures that narrative inter-
action remains physically interpretable rather than purely symbolic. Observable feedback derived
from these models—such as reachability limits, singularity warnings, and collision violations—
directly shapes learner reasoning during interaction. As learners revise task descriptions in re-
sponse to these constraints, the mathematical structure becomes an implicit instructional mecha-
nism supporting spatial reasoning, feasibility awareness, and safety-conscious planning, thereby
connecting system-level modeling with educational outcomes investigated in RQ2. From an in-
structional perspective, inclusion of these formulations is not intended to present algorithmic nov-
elty but to make explicit the physical grounding of narrative interaction. Their visibility enables
learners to connect qualitative task intent with quantitative robot behavior, supporting conceptual
bridging between experiential interaction and formal robotics theory.

3.3 Layered System Architecture

The proposed framework is implemented as a four-layer modular architecture, with each layer
responsible for a specific stage in the intent-to-motion pipeline.

Narrative Interaction Layer

The Narrative Interaction Layer enables students to specify robot tasks using natural language
descriptions. These descriptions encode task objectives, spatial relationships, and safety consider-
ations, encouraging high-level reasoning rather than syntax-driven programming.

Generative Al Interpretation Layer

This layer employs a GPT-based large language model to map natural language input L, into a
structured symbolic task representation S:

Frim:Lupat =S ™)
The symbolic task representation is defined as a finite-state task model:
S=(Z,A,82,0) )

Where Z is the set of task states; A is the set of available actions; § is the state transition function;
Z 1s the initial state; and G is the set of goal states. This intermediate representation enables vali-
dation, explainability, and safe grounding prior to execution.
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Digital Twin Simulation Layer

The Digital Twin Simulation Layer is implemented using Unreal Engine and hosts a high-fidelity
model of the UR3e robot. Joint trajectories are generated using quintic polynomial interpolation:

qi(t) = ap + a;t + ayt? + ast3 + a,t* + ast® )

where the coefficients a; are determined from boundary conditions on joint position, velocity, and
acceleration. Safety constraints are enforced as: @i < q(t) < Qmax> and collision avoidance is
modeled using a signed distance function: d(q(t)) = dgsqfe With d(q) is the minimum distance

between robot geometry and obstacles, and dq, is a predefined safety margin.

Feedback and Explainability Layer

This layer provides rule-grounded visual and textual feedback explaining constraint violations and
task feasibility; future work will integrate algorithmic XAI methods to further enhance interpreta-
bility of Al-assisted task interpretation and planning.

3.4 Learner-Centered Perspective System Workflow

While Section 3.1 describes the system architecture from a formal and implementation-oriented
perspective, this section reframes the same process from the learner’s interaction and cognitive
standpoint. From the learner’s perspective, the system operates as an iterative intent-to-feedback
learning loop. Tasks that violate kinematic or safety constraints are rejected with explanatory feed-
back, prompting revision. Feasible tasks are executed within the digital twin, allowing students to
observe motion, trajectories, and workspace interaction in real time.

Crucially, the workflow is non-terminal. Whether a task succeeds or fails, students are encouraged
to refine their narrative inputs and test alternatives. Through repeated interaction, learners develop
intuition about robotic constraints, motion planning trade-offs, and safe human—robot interaction,
supporting inquiry-based learning through exploration and reflection.

4. Implementation Details

This section describes the practical realization of the proposed narrative-driven digital twin frame-
work, emphasizing implementation decisions, system integration, and reproducibility in an educa-
tional setting. While Section 3 focuses on architectural design and theoretical foundations, this
section documents how those concepts were instantiated in a working prototype suitable for un-
dergraduate robotics education.

The implementation prioritizes three objectives: educational clarity, ensuring system behavior is
transparent and interpretable; operational robustness, enabling stable execution on standard labor-
atory computers; and repeatability, supporting consistent learning experiences across users and
instructional contexts. Figure 3 illustrates the closed-loop learning paradigm supported by the im-
plemented system, highlighting the iterative refinement of task intent, simulation behavior, and
learner understanding.
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4.1 Development Environment and Software Stack

The digital twin environment was developed using Unreal Engine, selected for its real-time ren-
dering, physics simulation, and extensibility through C++ and Blueprint scripting. Unreal Engine
enables precise control over joint hierarchies, collision handling, and simulation timing, which are
essential for modeling collaborative robot behavior in an immersive yet controlled educational
environment.

The Universal Robots UR3e model was imported as a hierarchical rigid-body assembly, with each
revolute joint mapped to a controllable degree of freedom. Joint axes, offsets, and motion limits
were defined according to publicly available UR3e specifications. To maintain real-time perfor-
mance suitable for classroom use, simplified collision geometries were employed in place of high-
resolution meshes. This design choice balances physical realism with computational efficiency and
ensures smooth interaction on standard Windows-based laboratory computers.

All robot motion is executed at the kinematic level, consistent with the instructional scope of the
current implementation. While the architecture supports dynamic and force-based control, omit-
ting these elements at this stage improves numerical stability and reduces cognitive complexity for
novice learners.
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Figure 3: Closed-loop learning cycle illustrating how student input, constraint-aware simulation,
and feedback iteratively refine task understanding and robot behavior.

4.2 Task Representation and Generative Al Integration

A central implementation decision was to strictly constrain the role of Generative Al. Consistent
with the architectural constraints described in Section 3, the LLM is restricted to semantic inter-
pretation rather than executable control generation. Each task is internally represented using a
lightweight, deterministic data structure consisting of:

e A target end-effector pose or target region
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e An action category (e.g., approach, move, align)
e Optional motion or safety modifiers (e.g., reduced speed, obstacle awareness)

This representation is human-readable and serializable, enabling tasks to be logged, replayed, and
inspected by instructors. By decoupling semantic interpretation from execution, the system ensures
that identical task specifications yield identical robot behavior, independent of narrative phrasing.
This design substantially improves repeatability and fairness in educational use.

Prompt engineering is applied to encourage the LLM to generate consistent, constraint-aware out-
puts. However, all generated task specifications are validated before execution, ensuring that the
LLM functions as an assistive semantic interface rather than an autonomous controller. Figure 4
illustrates the integration of the OpenAl API within the Unreal Engine plugin architecture.
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Request->SetContentAsString(PavloadJsonString);
Request->OnProcessRequestComplete(). BindUObject (this,
&YourClass::OnResponseReceived);

Request-> ProcessRequest();

Figure 4: Integration of the OpenAl API into the Unreal Engine—based plugin, enabling narrative
task interpretation while preserving deterministic and constraint-aware execution.

4.3 Motion Generation and Constraint Enforcement

Once a task specification is validated, motion generation proceeds through a deterministic pipeline.
Desired end-effector targets are converted into joint-space trajectories using numerical inverse
kinematics implemented via a damped least-squares formulation. The damping coefficient is ex-
ternally configurable, allowing instructors to demonstrate the effects of kinematic singularities and
numerical conditioning without destabilizing the simulation.

Joint trajectories are generated using quintic polynomial interpolation, producing smooth motion
with continuous position, velocity, and acceleration profiles. This formulation was selected for its
robustness and pedagogical transparency, enabling students to directly relate trajectory smooth-
ness to observable robot behavior.
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Safety constraints are enforced at every simulation timestep, including joint limits, workspace
boundaries, and collision avoidance conditions derived from signed distance checks. When a con-
straint violation is detected, execution is halted and a descriptive explanation is generated, rein-
forcing safety-first reasoning.

4.4 Digital Twin Execution and Visualization

Validated trajectories are executed within the Unreal Engine simulation environment. Joint values
are updated in real time, and the resulting robot motion is rendered with synchronized kinematic
and collision states. The digital twin provides several visualization layers designed to support
learning without overwhelming the user, including joint limit indicators, end-effector trajectory
traces, collision proximity highlighting, and workspace boundary visualization.

These visual elements are intentionally minimalistic and context-aware, appearing only when rel-
evant to the current task or when constraints are violated. This design reduces cognitive load while
preserving instructional value.

4.5 Feedback, Instructor Control, and Reproducibility

Feedback is provided through a combination of visual cues and concise textual messages derived
directly from kinematic analysis and constraint evaluation. When a task is infeasible, the system
reports the specific reason (e.g., unreachable pose, joint limit violation, collision risk), supporting
transparent reasoning rather than opaque Al explanations.

To support instructional use and reproducibility, key system parameters—including joint limits,
safety margins, inverse kinematics damping, and motion speed scaling—are externally configura-
ble. All narrative inputs, task specifications, and execution outcomes can be logged, enabling in-
structors to review student progress, replay experiments, and compare performance across cohorts.

Importantly, the platform requires no specialized hardware. All experiments were conducted on
standard laboratory computers, making the system accessible to institutions with limited resources.

While full algorithmic XAI techniques such as SHAP or LIME are not yet integrated, the current
implementation delivers rule-grounded transparency through deterministic constraint reporting
and symbolic task inspection. This serves as an instructional precursor to formal XAI deployment
planned for subsequent system iterations.

4.6 Implementation Scope and Practical Limitations

The current implementation emphasizes educational robustness and interpretability rather than full
physical fidelity. Real-time sensing, force interaction, and impedance control are not enforced in
the present system, although the architecture supports their integration in future iterations.

This scoped approach ensures that students first develop a solid understanding of kinematics, con-
straints, task planning, and safety before progressing to advanced control strategies. Such staged
exposure aligns with best practices in engineering education and supports incremental curriculum
adoption.
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5. Educational Evaluation and Pilot Study
5.1 Evaluation Purpose and Learning Context

This pilot study evaluates the educational feasibility and instructional value of the proposed nar-
rative-driven digital twin framework for collaborative robotics education. Because the pilot in-
volved a small number of participants, the goal was not to claim statistically significant learning
gains, but to examine interaction feasibility, characterize learning-related behaviors, and gather
exploratory evidence aligned with the research questions guiding this work.

Specifically, evaluation activities were structured to generate evidence addressing the following
areas:

RQI: Feasibility of narrative-driven task formulation and execution
RQ2: Emergence of spatial reasoning and constraint awareness
RQ3: Effects of natural-language interaction on engagement and experimentation

RQ4 (Exploratory): Indications of progression toward model-informed reasoning about feasibility
and safety

The study was conducted during a summer undergraduate research experience with two engineer-
ing students with limited prior exposure to industrial collaborative robots and no formal training
in vendor-specific robot programming languages. Students primarily interacted with the Unreal
Engine—based UR3e digital twin described in Sections 3 and 4, with limited physical robot expo-
sure reserved for late-stage comparison. This structure allowed unrestricted experimentation with-
out early safety or access constraints. Figure 5 documents the pilot implementation and the corre-
spondence between the simulation environment and the physical UR3e used for later validation.

Figure 5: Pilot implementation of the narrative-driven digital twin framework, showing the Un-
real Engine—based UR3e simulation (left) and the corresponding physical UR3e robot (right).

5.2 Learning Activities, Data Sources, and Collection Methods

Students completed a sequence of open-ended task activities (e.g., reaching, alignment, and safe
motion near workspace boundaries) using narrative task descriptions. They were not given scripted
procedures. Instead, they were encouraged to iteratively refine narrative inputs based on system
feedback, consistent with the intent-to-feedback workflow in Section 3.4.
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Each participant completed approximately 8—10 task interaction sessions lasting 30—45 minutes
each over a two-week period. Tasks were not scripted but followed thematic categories (workspace
reaching, obstacle-aware motion, and boundary-sensitive positioning) to ensure comparable expo-
sure across participants while preserving exploratory autonomy. This structure supports reproduc-
ibility of instructional conditions while maintaining open-ended interaction design.

Multiple evidence sources were collected to evaluate learning processes and feasibility: (1) system
interaction logs (narrative inputs, task interpretations, constraint checks, and execution outcomes),
(2) researcher observation notes during student interaction and discussion, and (3) student feed-
back describing usability, perceived learning, and confidence. This multi-source design supports
triangulation between quantitative interaction behavior and qualitative learning evidence.

5.3 Interaction Metrics and Exploratory Results

To complement qualitative observations, the system logged a set of interaction metrics that reflect
learning-relevant behavior rather than performance on traditional examinations. These indicators
quantify iterative refinement, constraint-awareness, and task efficiency.

Table 1 summarizes representative interaction metrics used in the pilot evaluation. The metrics are
aligned with the framework’s instructional intent: encouraging students to reason about feasibility
and safety, revise task formulation, and reduce constraint violations over time through reflective
iteration.

The pilot results indicate that 85-87% of narrative task descriptions were successfully translated
into valid joint-space motion within the Unreal Engine simulation. Most unsuccessful cases were
attributable to ambiguous task descriptions or target requests outside the robot’s reachable work-
space. Safety checks were frequently activated: approximately 35% of commands were flagged
due to collision risks, unrealistic movements, or boundary violations. Importantly, these interven-
tions did not halt learning; instead, they generated interpretable feedback that supported iterative
refinement.

Table 1: Student interaction metrics and learning indicators.

Metric Category Indicator Student A Student B Interpretation
Task Success Valid task execution 87% 85% Indicates effective grounding of narra-
rate (%) tive intent
Iteration Behav- Avg. narrative revi- 4.0 4.4 Reflects iterative refinement toward
ior sions per task feasibility
Constraint Avg. constraint viola- 2.0 2.4 Captures learning through controlled
Awareness tions per task failure
Safety Reasoning Tasks flagged by safety 34% 36% Demonstrates active safety screening
filters (%) and awareness
Efficiency Avg. time to feasible 12.0 13.4 Indicates improved efficiency in task
execution (min) formulation
Dominant Error  Most frequent infeasi-  Reachability =~ Reachability — Highlights spatial reasoning and work-
Type bility cause space limits
Learning Out- Independent correction Yes Yes Suggests internalization of constraints
come without hints

Figure 6 visualizes key interaction distributions. The histograms highlight trends in narrative revi-
sion behavior, safety-related constraint encounters, and task execution efficiency, providing in-
sight into how learners adapt their task formulation over time. Consistent with the pilot scope of
this study, these plots are descriptive in nature and are not intended to establish statistical signifi-
cance.
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Interaction trends demonstrate alignment with research objectives:

1. Evidence supporting RQI is reflected in successful task execution and iterative refinement
behaviors

2. Indicators relevant to RQ2 appear in reachability-related errors and constraint awareness
patterns

3. Observations supporting RQ3 emerge from sustained experimentation and narrative explo-
ration

4. Behaviors associated with RQ4 include independent correction and reduced infeasibility
over time

(a) Narrative Revisions (b) Constraint Violations (c) Task Completion Time
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Figure 6: Exploratory interaction metrics from the pilot study: (a) Distribution of narrative revi-
sions per task, (b) distribution of constraint violations per task, and (c) distribution of time re-
quired to achieve feasible task execution.

5.4 Observed Learning Processes and Educational Interpretation

Consistent with the workflow in Section 3.4, analysis of interaction cycles revealed several recur-
ring learning processes consistent with the research questions.

First, students developed spatial reasoning and kinematic intuition through immersive visualiza-
tion. Observing joint motion, end-effector trajectories, and workspace boundaries helped students
connect narrative intent to physical robot behavior. Over time, students increasingly anticipated
reachability issues and revised task descriptions proactively (supporting interpretations aligned
with RQ2).

Second, narrative interaction reduced early cognitive barriers by shifting student attention from
syntax and tooling toward task intent, feasibility, and safety. Students reported that the ability to
describe goals in natural language improved confidence and encouraged experimentation, partic-
ularly in early stages when low-level programming often discourages novice learners (supporting
interpretations aligned with RQ3).

Third, constraint-aware feedback supported learning through productive failure. When tasks were
infeasible, explicit explanations (e.g., unreachable pose, joint limit violation, collision risk)
prompted hypothesis testing and revision rather than abandonment. This behavior is consistent
with inquiry-based and constructivist learning models, in which understanding is built through
experimentation and reflection (contributing evidence toward RQ1 and exploratory indications
associated with RQ4).
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Across interaction sessions, behavioral patterns suggested movement beyond interface use toward
reasoning informed by system constraints. While not sufficient to claim transfer, these observa-
tions indicate emerging internalization of feasibility considerations consistent with the exploratory
scope of this study.

6. Discussion, Ethical Considerations, and Conclusions

From an evaluation standpoint, internal validity is supported through system logging and triangu-
lation across observation and reflection data. Construct validity is strengthened by alignment be-
tween interaction metrics and research question constructs. External validity remains limited due
to sample size and context specificity, reinforcing the exploratory scope of conclusions and moti-
vating planned multi-cohort studies.

6.1 Discussion in Relation to Research Questions

Findings from the pilot study indicate that narrative-driven interaction can support early engage-
ment with collaborative robotics concepts while preserving transparency and constraint awareness.
Evidence associated with RQ1 demonstrates that novice learners can successfully formulate exe-
cutable robot tasks through iterative refinement without reliance on low-level programming. Ob-
servations relevant to RQ2 show that constraint visibility and kinematic grounding promote spatial
reasoning and feasibility awareness during task development. With respect to RQ3, natural-lan-
guage interaction appears to reduce cognitive barriers and encourage exploratory experimentation,
supporting learner confidence and engagement. Exploratory indicators related to RQ4 suggest
emerging progression toward model-informed reasoning about reachability and safety constraints,
although larger-scale studies are required for confirmation.

These findings demonstrate that reframing collaborative robotics education around intent-centric
interaction, supported by narrative-driven digital twins, can meaningfully lower barriers to engage-
ment while preserving conceptual rigor. Rather than simplifying robotics content, the proposed
framework reorders the learning process, allowing students to reason about task intent, feasibility,
and safety before confronting low-level implementation details. The pilot study suggests that this
reordering supports earlier engagement, improved spatial reasoning, and productive exploration,
even for students with no prior robot programming experience.

6.2 Educational Insights and Design Implications

A central insight emerging from this study is the educational value of explicit constraint visibility.
By making joint limits, reachability, and collision conditions observable and actionable, the system
encourages students to understand robot behavior as a constrained physical process rather than a
black-box response to commands. This design supports learning through controlled failure, where
infeasible actions prompt reflection and revision rather than silent error. Equally important is the
deliberate limitation of Generative AI’s role. Treating large language models as semantic inter-
preters rather than autonomous controllers preserves student agency, encourages critical evalua-
tion of Al-assisted outputs, and mitigates risks associated with overreliance on opaque automation.
In this way, Generative Al functions as a scaffold for reasoning rather than a substitute for learning.
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From a practical and ethical perspective, the framework demonstrates that immersive, high-quality
robotics learning experiences can be delivered without physical hardware. This capability has im-
portant implications for accessibility, scalability, and instructional flexibility, particularly in pro-
grams constrained by cost, safety policies, or laboratory availability. By embedding safety con-
straints directly into the digital twin and providing transparent feedback, the system reinforces
responsible human-robot interaction from the earliest stages of learning. Narrative-based interac-
tion and visual feedback further support inclusion for students with diverse technical and program-
ming backgrounds, promoting equitable participation without compromising instructional rigor.

These observations further suggest alignment with threshold concept theory in engineering educa-
tion, where conceptual bottlenecks such as spatial reasoning and constraint awareness are over-
come through iterative experiential exposure. The narrative-driven digital twin may function as a
transitional scaffold supporting passage through these conceptual thresholds, warranting targeted
investigation in future longitudinal studies.

6.3 Limitations and Future Directions

This study is exploratory in scope and involves a small participant cohort, limiting generalizability
and precluding statistical claims regarding learning gains or transfer. The current implementation
focuses primarily on kinematic simulation, and real-time sensing, force interaction, and physical
robot feedback were not fully integrated into the instructional workflow.

Future work will expand participant cohorts and incorporate structured assessment instruments,
including validated surveys, performance rubrics, and pre/post measures aligned with ABET stu-
dent outcomes. Planned system extensions include integration of real-time sensing for hybrid dig-
ital-physical learning, incorporation of advanced motion optimization techniques, and application
of Explainable Al methods to enhance transparency in Al-assisted decision-making. Additional
deployments will explore collaborative and remote learning scenarios involving shared digital twin
environments.

6.4 Conclusion

This work contributes three primary outcomes to engineering education research: (1) an instruc-
tional architecture demonstrating how narrative-driven interaction can scaffold novice engagement
with collaborative robotics concepts; (2) a deployable implementation showing that immersive,
constraint-aware learning environments can be realized without specialized hardware barriers; and
(3) exploratory empirical evidence indicating feasibility for supporting spatial reasoning, con-
straint awareness, and sustained engagement among early-stage learners. Together, these contri-
butions position intent-centric interaction as a pedagogically viable pathway aligned with emerg-
ing Industry 5.0 human-centered automation paradigms.

The pilot cohort size was intentionally limited because the primary goal was interaction feasibility
validation and instrumentation testing rather than outcome generalization. Such exploratory pilots
are consistent with early-stage educational system evaluation where methodological refinement
precedes scaled deployment. Results therefore inform design validity rather than population infer-
ence.
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