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Abstract
Extended reality (XR) is well suited to support the situ-
ated learning of technical procedures. At the same time, AI-
driven intelligent tutoring systems (ITS) can complement XR
by providing adaptive pedagogical support. Many domains
would benefit from this combination, especially when train-
ers, equipment, or team members are limited. We present a
domain-agnostic XR-based ITS that integrates a training pro-
cedure representation (TPR), XR simulation, and an LLM-
driven instructor. We demonstrate the tutor’s use for tissue
sample handling and engine repair, showing how it deliv-
ers adaptive feedback, collaborative roleplay, and dynamic
scenario management to create realistic and pedagogically
meaningful training experiences.

Introduction
Training for procedural tasks, such as handling human tis-
sues in a lab or equipment repair, requires mastering not
only the correct actions, but also their correct sequence. In
these scenarios, mistakes can lead to costly or unsafe results.
While domain experts can provide instruction, their avail-
ability is limited, key learning opportunites may not present
themselves, and additional teamates are not always available
for collaborative tasks. Extended reality (XR) environments
can address the scarcity of instruments, while intelligent tu-
toring systems (ITS) can provide structured feedback and
scaffolding.

Prior work on using XR in situated learning has been
relatively under-explored. Applications have been trialed in
higher education (Hsu et al. 2023), healthcare (Barteit et al.
2021), and sign language education (Wen et al. 2024). A
lack of realistic simulators and pedagogical support for var-
ied educational settings is a key inhibitor in this space. AI-
based tutoring systems could help alleviate these pressures
(Hajahmadi et al. 2024; Cheng et al. 2024; Liu et al. 2024)
through dialogue (Leandro et al. 2024; Guevarra et al. 2025)
or by generating personalized feedback using large language
models (Jensen, Sankaranarayanan, and Hayes 2024). How-
ever, most tutoring systems are restricted to a single task,
thus making the setup too specific without possibility for
adaptation (learning and supervision) to other types of tasks.
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We present an XR-based ITS that unifies XR simulation
with a training procedure representation (TPR) and a large
language model (LLM)-driven instructor, enabling direct in-
teractions between student, LLM, and virtual environment.
The architecture is domain-agnostic: the same framework
can be used to train tasks as diverse as surgical procedures,
engine repair, or laboratory safety. This flexibility makes
it possible to extend training across domains that differ in
complexity, risks, and dynamics as well as those that require
coordination with others.

This paper highlights how the XR-ITS supports procedu-
ral learning through three interactive instructional features:
adaptive feedback, dynamic scenario management, and col-
laborative roleplay. Together, these capabilitites demonstrate
how the tutor can extend beyond static simulations to deliver
realistic and relevant training experiences.

System Architecture
Figure 1 shows the architecture of our XR-based ITS. The
design is inspired by concepts of classical planning, where
a task is represented as a sequence of actions governed by
preconditions and effects.

A field expert specifies the training scenario, including (1)
the task goal (e.g., repairing an engine), (2) the relevant ob-
jects and tools, (3) the set of possible actions, and (4) valid
action sequences (procedure steps). This information is en-
coded in two complementary representations. First, the XR
training simulation is configured by instantiating objects,
tools, and visual interactions, setting the procedure steps,
and logging the action history. Second, the TPR formalizes

Figure 1: Block Diagram of TPR System.
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Figure 2: Sample XR-based interactive tutoring sessions. Engine repair (left) and tissue handling (right) are shown with their
corresponding training plan, simulator state, and execution trace.

the procedure as a structured plan, specifying the action se-
quence along with their associated preconditions and effects.
TPR also encodes the current environment status as a sim-
ulator state defined by state variables and the action history
as an execution trace (see examples in Figure 2).

An LLM-driven instructor monitors the student’s actions
and synchronizes them with the TPR and the XR simulation.
Each executed action is evaluated against the training plan:
if preconditions are not satisfied, the instructor can either
block the action or allow it to proceed, depending on the
initial configuration. Therefore, the system can accomodate
strict execution (encoding the modeled plan) and explorative
execution (allowing deviations to illustrate errors).

Stochastic Outcomes and State Tracking
Unlike classical planning domains with deterministic out-
comes, physical training tasks involve stochasticity. For ex-
ample, a student may drop a tool, producing a state not ex-
plicitely modeled in the TPR. The AI instructor accounts for
such events by recognizing non-relevant states and realign-
ing the training sequence, preserving the overall coherence
of the session. This allows the system to capture realistic
contingencies while maintiaining plan-based guidance.

Instructional Features
The system combines the TPR, the XR simulation model,
and the learner’s action history to implement three instruc-
tional features using GPT-4.1:
Scenario Management: The AI instructor can manipulate
the simulation model to change training conditions, random-
ize parameters, or trigger events (e.g., oil leak, tool malfunc-
tion). These changes can be seen as analogous to state vari-
ables and their values in a planning model. The AI instructor
can also control the timing of interventions and the level of
scaffolding by enabling or disabling hint and feedback sys-
tems. This ensures that training sessions remain adaptive and
contextually meaningful.
Roleplay: Using the XR context captured in the simulation
model, the AI instructor can roleplay as other team members
or supporting staff. For example, in a surgical scenario the
AI can play the role of a nurse, while in an engine repair
exercise it can act as a more experienced mechanic. These
interactions are drawn from the same operations defined in

the procedure steps and controlled by the execution trace.
In this way, the instructor can maintain procedural flow in
multi-actor scenarios. This ensures that team-based training
remains pedagogically meaningful.
Feedback. The AI instructor also compares the training plan
against the learner’s execution trace to identify mistakes and
provide feedback. Feedback is primarily formative and con-
structive, delivered either in real time (by highlighting mis-
takes, suggesting corrections, or blocking invalid actions)
or at the end of the exercise as reports (Hattie and Timper-
ley 2007). Our current prototype relies on LLM-based sum-
maries, which can indicate what went wrong; however, rep-
resenting procedures symbolically through planning struc-
tures would enable richer causal explanations of why a se-
quence was invalid (Chakraborti et al. 2017; Vasileiou et al.
2025). To improve the accuracy of feedback, sample errors
and corrective actions can be provided by the human instruc-
tor based on the training plan.

Figure 2 illustrates two example XR tutoring sessions.
Each scenario (tissue handling and engine repaifir) is paired
with its training plan, simulator state, and execution trace.
This provides the LLM with simulator context to generate
real-time tutoring.

Conclusion and Future Work
We introduced an XR-based ITS that integrates a TPR, XR
simulation, and LLM-driven instructor to simulate different
interactive tutoring sessions. By defining the plan, simula-
tor states, and execution trace, the system supports scenario
management, collaborative roleplay, and adaptive feedback,
demosntrating its potential to deliver realistic and flexible
procedural training.
Future Work: Education using XR remains underexplored,
particularly in domains where muscle memory and procedu-
ral accuracy are critcal. Future work includes using symbolic
planning representations to automate procedure generation,
adapt tasks across domains, and provide richer causal feed-
back. Roleplay can also be extended to train metacognitive
skills by promting learners to plan, explain, and reflect on
their actions. Finally, the system provides a platform to study
human-AI interaction, especially how human strategies and
AI scaffolds complement each other in procedural training.
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