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Abstract: Virtual Reality (VR) provides unique opportunities for creating immersive, per-
sonalized and responsive learning environments through advanced features like hand and eye
tracking. However, traditional VR training often lacks the flexibility to accommodate diverse
learning styles. Personalization of training is crucial in industrial assembly, where user profiles
and levels of expertise vary greatly. This paper introduces a novel solution for adaptive learning
in VR focused on assembly knowledge training, using hand and eye tracking to deliver real-time
feedback and individually adjusted learning paths. We applied our approach to two realistic
assembly cases to evaluate its practical application. We hope to inspire future research further to
explore and refine this adaptive approach, contributing to developing more flexible and effective
VR-based training solutions for the manufacturing industry.
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1. INTRODUCTION

In the domain of industrial operations, training holds
essential importance in performing assemblies, ensuring
safety protocols, and navigating digital workflows. Tradi-
tionally, on-the-job training, a method where employees
learn the skills and knowledge from an expert while ac-
tually working, has been the standard for communicat-
ing this kind of knowledge to operators (Huang et al.
(2021)). Although this training approach can be highly
personalized, it brings along a huge cost, is not scalable
and reusable, and is not risk-free as it is prone to acci-
dents (Huang et al. (2021); Liu et al. (2022)).

However, the training landscape is rapidly evolving, with
the integration of digital technologies offering new oppor-
tunities for learning (Palmas et al. (2019)). Digital re-
sources enhance efficiency and facilitate consistent training
but lack personalization (Huang et al. (2021)). Virtual
Reality (VR) has emerged as a transformative alternative,
offering immersive experiences that simulate real-world
scenarios (Wolfartsberger et al. (2023)). By replicating
assembly processes in a virtual environment, VR training
empowers operators to practice without the constraints
of physical equipment, enhancing engagement and reten-
tion through an interactive, hands-on learning experi-
ence (Moreno and Mayer (2002)). Still, traditional VR
training solutions often rely on fixed support structures
that do not adapt to the user’s evolving skill level, which
limits their effectiveness in catering to individual learning
needs (Ulmer et al. (2022)). Our approach leverages VR’s
built-in hand and eye tracking to precisely monitor user
actions and gaze enabling real-time performance track-
ing, tailored feedback, and adaptive training. By applying
adaptive learning principles, the system continuously per-

sonalizes support based on individual progress and past
training sessions.

This paper presents our adaptive VR training approach
for learning assembly knowledge and sequences, with a
key contribution being the integration of dynamic real-
time support, feedback mechanisms, and adaptive learning
algorithms to enhance training effectiveness. Section 3
describes this tailored approach, while Section 4 demon-
strates its application to real-life use cases through collab-
oration with two manufacturing companies. We discuss its
current limitations in Section 5 and conclude with clear
action points to advance this work in future research in
Section 6.

2. RELATED WORK

We will begin by exploring the latest advancements in
digital adaptive learning solutions, which have inspired
us to apply these concepts to adaptive learning in VR
assembly training. This will be followed by an overview of
the state-of-the-art industrial training solutions that use
eXtended Reality (XR).

2.1 Adaptive learning from an educational point of view

Taylor et al. (2021) define personalized and adaptive
learning as a method of learning that is customized for
individual learners. Every learner will follow their own
learning path at their own tempo according to the learner’s
prior knowledge and learning pace. Traditionally, adaptive
learning has been implemented through technologies such
as adaptive e-learning or Learning Management Systems
(LMS) (Vincent-Ruz and Boase (2022)). Adaptive sys-
tems often use real-time analysis, continuously tracking
a learner’s performance to make immediate adjustments,
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which aligns with the scaffolding teaching technique by
providing timely support and guidance (Yu et al. (2024)).
In contrast, many traditional LMS assess learners at spe-
cific intervals rather than continuously (Strakos et al.
(2023)). Another essential component is using algorithms
that adapt the learning content based on the learner’s
unique needs (Ge et al. (2019)). These algorithms consider
various factors, including learning styles, preferences, and
past performance, enabling dynamic adjustments to the
learning path. Aligned with the ‘Cognitive load theory’,
this approach optimizes learning efficiency and engage-
ment by ensuring that cognitive demands remain man-
ageable, allowing learners to focus on essential information
without being overwhelmed (Van Merrienboer and Sweller
(2005)). Adaptive learning technologies can be used to
tailor VR experiences to individual needs, filtering out
irrelevant information, and highlighting key content based
on real-time performance.

2.2 Personalized XR training: insights and comparisons

Huang et al. (2021) developed an adaptive Augmented
Reality (AR) tutoring system that considers the learner’s
real-time progress, thereby providing different levels of
instruction. They found that their proposed solution was
more effective and preferred than a non-adaptive vari-
ant. Studer et al. (2024) explored using an open-ended
system to teach drilling skills. Their solution provides a
comprehensive learning experience, including safety proto-
cols, setup procedures, drilling tutorials, and open-ended
practice sessions. Users receive real-time feedback on their
mistakes and the quality of the drilled geometries. Havard
et al. (2021) compared AR tablet guidance to PDF in-
structions, considering operators’ competency levels. They
found that advanced operators spent less time waiting for
AR information to appear, as they could often rely on text
instructions.

Our work builds on the presented findings using real-
time hand and eye tracking to personalize VR assembly
training. We apply this by dynamically adjusting guidance
based on the user’s interactions and gaze. The following
section describes this conceptual approach.

3. PERSONALIZED LEARNING IN VR USING
REAL-TIME PERFORMANCE TRACKING

In this section, we introduce our adaptive learning ap-
proach for VR assembly training (see Figure 1), describe
the underlying algorithm, and illustrate how real-time
performance tracking enables dynamic adjustments to in-
structional support. By leveraging the adaptive learning
techniques from Section 2, this system provides tailored
guidance, adapting in real-time based on the learner’s
actions and performance. We focus on assembly training,
which involves numerous pick-and-place actions. Common
mistakes are picking the incorrect object, placing the ob-
ject in an incorrect position, or misunderstanding actions
or interactions with objects like clicking, snapping, and
screwing. Additionally, the sequence of task execution is
often crucial. Therefore, our approach focuses on detecting
these mistakes and adapting the support accordingly.

We use the same approach as Huang et al. (2021) by
using Sources of adaptation and Targets of adaptation.
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Fig. 1. Illustration of our conceptual VR learning ap-
proach. The system recognizes correct objects (teal),
incorrect objects (blue), and correct placements (pur-
ple), together with hand and eye tracking to track the
user’s performance in real time and provide personal-

ized feedback.

The factors tracked during training, such as task execution
speed, held objects, and eye tracking, are our Sources of
adaptation. The support systems that instruct the learner,
which we adapt to the user, are our Targets of adaptation.

3.1 Technical approach

Our adaptive algorithm dynamically manages the activa-
tion of instructional support systems based on real-time
performance tracking. It identifies user difficulties, referred
to as failure states, and adjusts the training environment
to provide targeted support, referred to as support sys-
tems. A learner model is continuously updated to track
task performance, guiding adaptations over time.

Sources of adaptation. The system gathers key types of
data to inform the adaptive algorithm:

Contextual Data : Tracks the assembly task sequence,
task duration, and components involved.

Performance/User Data : Monitors task completion
time, deviation from target task completion time, trig-
gered failure states, and activated support systems.

Hand Tracking : Detects which objects the user is hold-
ing and evaluates correctness based on task context.

Eye Tracking : Analyzes user gaze to identify interac-
tions with instructional materials, target objects, wrong
objects or distractors. If eye tracking is unavailable,
head tracking is used as a fallback, albeit with reduced
accuracy.

Failure states € Targets of adaptation.  The system
classifies user difficulties into specific failure states, each
linked to corresponding support systems:

Object Failure : Occurs when the user selects the wrong
object. Adaptive responses include highlighting the cor-
rect object or differentiating similar objects.

Target Failure : Triggered when the user struggles to
identify where to place an object. Support systems
may highlight target locations or provide directional
animations.

Action Failure : Results from unclear task interactions,
such as missing a required action like screwing. Ad-
ditional instructions or animations can help in such
situations.
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Add feedback Add feedback

Action Failure Object Failure Target Failure

Remove feedback Remove feedback

Fig. 2. Default hierarchy for failure states. If the Default
Failure is reached (see Figure 3), support systems are
incrementally added from left to right. This means
that when the Default Failure is reached, we check
if a support system from the Action Failure can be
activated. If all of these systems are already active,
we check if a system from Object Failure can be
activated, and lastly from Target Failure. Removing
support happens in the same manner but reversed.

Default Failure : A fallback state that activates support
incrementally, following a predefined hierarchy (see Fig-
ure 2).

The Targets of adaptation (or support systems) can be
defined in terms of the assembly use case. We will provide
concrete examples in Section 4.

Figures 2 and 3 summarize the default hierarchy for
failure states and the algorithm’s decision-making process.
Support systems are activated progressively based on
detected failure states, with deactivation following the
reverse order to promote user autonomy. In doing so, we
apply adaptive learning principles in training sessions by
reducing the number of support systems by one for each
task in each iteration. By gradually reducing the amount
of provided information, we draw on the ‘Cognitive load
theory’, which suggests that introducing a manageable
level of “desirable difficulty” can enhance engagement and
improve learning outcomes (Van Merrienboer and Sweller
(2005)).

3.2 Workflow of the adaptive algorithm

Tasks are timed independently, and failure states are
detected based on real-time data as illustrated in Fig-
ure 3. The algorithm automatically detects when to ac-
tivate support when thresholds are exceeded. Conversely,
during subsequent training iterations, support is reduced
to encourage independent task completion and learning
progress.

Hllustrative example.  Consider a VR task to assemble a
stool with a set of failure states and support systems (see
Table 1).

When the user is new to the training, they start with only
the first level of action failure active, which is probably
an instruction (text or image). Based on eye and hand
tracking, we decide, as explained before, what other sup-
port systems should be activated during the execution of
the training. When assembling a stool leg, the user must
select a bolt (correct object), align it with a hole (correct
target), and screw it in (correct action). If the user picks
the wrong part, which will eventually trigger an object
failure, the system highlights the correct object. If they
struggle to locate the assembly point, it will trigger a
target failure and the system highlights the target area.
Finally, if the screwing action is missed, an action failure
will be triggered and text instructions will explain the
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Fig. 3. Support is adaptively activated during the training
depending on the failure state outcome of the algo-
rithm. The algorithm determines the most suitable
failure state each time a time threshold is reached (the
user did not complete a task in time) or when the
help button is pressed. Firstly, the objects the user
is holding are taken into consideration. If these do
not trigger a failure state, the eye tracking data will
be Compared~ nnstructionsa Ttarget and Twrong refer
to the time the user has been looking at elements
tagged as Instructions, Target, and Wrong Objects
(as described in Section 3.1) respectively during the
current task.

required action. In the next training iteration, the num-
ber of support systems is reduced by one for each task
following the proposed hierarchy (see Figure 2). Following
our illustrative example, if the step of applying the bolt
to the hole resulted in additional support for an action
failure and object failure. The next training iteration will
only show support for the action failure for that specific
step.

3.3 Fallback and adaptability

The system is designed for compatibility across VR plat-
forms, with head tracking as an alternative to eye tracking.
This ensures broader accessibility without compromising
the adaptability of the training experience.
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Table 1. Failure states and their corresponding support systems.

Support systems

Object Failure: Wrong object selection
lighted.

Target Failure: Wrong object placement

Action Failure: Incorrect/No action execution

Incorrect object selections trigger warnings, and correct objects are high-

Placement areas are highlighted with visual cues like circles.
Text-based instructions explain the required actions.

]

== [ 38 %

(b) VR replica of the compressor

Fig. 4. Physical and virtual setup of the compressor.

4. APPLICATION TO REAL-LIFE COMPANY CASES

In this section, we describe how we applied our concept
to two real use cases from local industrial companies to
demonstrate the applicability and generalizability of our
approach.

VR training for compressor assembly. In this use case,
trainees learn how to assemble a compressor in VR.
The compressor consists of several components such as
bearings, bolts, and rotors that must be assembled into
a housing, as seen in Figure 4a. Figure 4b shows the
virtual replica in the VR training. All assembly steps
are performed without tools. In this case, the adaptive
algorithm of Figure 3 reaches task completed each time the
user places the correct component in the correct position
with the correct orientation.

Our adaptive learning approach for this case consists
of four support systems, inspired by prior work under-
pinning the advantages of using object coloring (Jasche
et al. (2021); Vosinakis and Koutsabasis (2017)). They
are also completely language-independent. Table 2 shows
how these support systems were divided among the ap-
propriate failure states. Object Failure has two support
systems in this case: highlighting wrong objects and high-
lighting correct objects. Table 2 also shows the hierarchy
between the two. This means that if an Object Failure
is triggered, the highlighting of wrong objects will be
activated before the highlighting of correct objects. Thus,
the highlighting of correct objects will only get activated
if the highlighting of wrong objects was already active

Table 2. Assignment of support systems to
failure states for compressor case.

Support system hierarchy

Object Failure
Target Failure
Action Fuailure

Color wrong objects red  Color correct objects green
Hologram on target location
Visual instructions

Table 3. Assignment of support systems to
failure states for electrical cabinet case.

Support system hierarchy

Object Failure
Target Failure
Action Failure

Color grabbed object  Color object on picking box
Hologram + outline on target location
Visual instructions Animations

when this failure state was triggered. The order in the
Object Failure support hierarchy is dictated by the fact
that wrong objects only get highlighted in red when the
user picks them up, while correct objects are highlighted
in green regardless of whether the user has picked them
up. Highlighting the correct objects in green will quickly
show the user which object is correct, without overloading
them with information. Thus, highlighting objects in this
way inherently means that highlighting correct object will
give the user more information about picking than only
highlighting the wrong object the user is currently holding.
This is also our reasoning behind the hierarchy between
these two support systems. When support is deactivated,
the order is reversed.

VR training for assembly of electrical cabinet.  Our sec-
ond use case is a VR tool that teaches the assembly
procedure of an electrical cabinet for operators in a shel-
tered workplace (see Figure 5). This is still an assembly
case, but it is quite different from the compressor. Other
than picking and placing components inside an assembly
housing, the training also focuses on wiring and screwing.
Because of this, screwing motions have to be performed,
sometimes by hand and sometimes with a specific screw-
driver, depending on the component or wire. Other than
screwing interactions, some components need to click into
a rail and components that have a tab that needs to be
pushed after placing it on the board. All these interactions
come with a motion that the user has to perform in the
virtual environment. This assembly procedure also has
more than double the number of tasks and components
compared to the compressor case. The adaptive algorithm
of Figure 3 reaches task completed whenever the user
places the correct component in the correct position with
the correct orientation for picking steps. For steps that
require interactions (screwing, clicking), it reaches task
completed when the user successfully completes the entire
interaction.

Table 3 illustrates the design of support systems tailored
for this case. Similar to the approach used for the com-
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(a) Physical assembly setup of the electrical
cabinet

(b) VR replica of the electrical cabinet

Fig. 5. Physical and virtual setup of the electrical cabinet.

pressor, the support systems were adapted to meet the
specific requirements of this scenario. For Object Failure,
the grabbed object will be highlighted in green to con-
firm whether the user is holding the correct object or
highlighted in red to inform that it is the wrong object.
At a secondary level of support, the correct area in the
environment where the object can be picked is also high-
lighted, similar to traditional picking boxes in assembly
setups (due to the higher number of components needed
for this assembly). For Target Failure, the same principles
applied to the compressor case are used, with the addi-
tion of outlining the target location. This enhancement
is necessary because the target location spans a larger
area compared to the compressor, making the outline
crucial for better visibility and user orientation. Regarding
Action Fuailure, visual instructions are provided similarly
to the compressor. However, a second level of support
with animations is introduced for actions involving mo-
tion interactions. These animations serve to demonstrate
the expected operations, such as screwing animations for
screwing actions, pushing animations for components with
tabs, and clicking animations for components that need to
be clicked onto rails. This visual guidance supports users
to clearly understand the required actions.

5. DISCUSSION

The application of the adaptive learning concept to two
realistic assembly use cases demonstrated both the feasi-
bility and flexibility of our approach. A key aspect of our
work is the real-time adaptation enabled by built-in VR
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features, such as hand and eye tracking, which allow for
the detection of failure states and their linkage to targeted
support systems. While our concept provides a structured
approach to adaptation, it remains flexible—developers
can determine which support systems are best suited for
different failure states based on the specific requirements of
each use case. Unlike predefined feedback levels commonly
found in the literature (Ulmer et al. (2022); Huang et al.
(2021)), our approach employed a fully adaptive system
that continuously tailors feedback to the trainee’s specific
needs. This dynamic approach ensures a more personalized
and responsive learning experience, potentially improving
training effectiveness across diverse learner profiles.

One limitation of our current work is that the evaluation
was conducted on two realistic assembly use cases, which
are more limited in scope as they primarily involve basic
skill requirements and pick-and-place operations. While
these scenarios reflect common tasks in industrial settings,
future research should explore the application of our
adaptive VR approach to more complex industrial use
cases that involve advanced skills, decision-making, or
collaborative tasks. Broadening the scope of evaluation
will help assess the versatility of the approach and its
adaptability to diverse industrial environments.

6. FUTURE WORK

One important direction for future research is the eval-
uation of our adaptive VR approach in comparison to
traditional non-adaptive methods. Conducting a study
that directly contrasts these two approaches would offer
valuable insight into the efficiency of adaptive learning in
VR, as well as its impact on user experience and percep-
tion, similar to the study approach of Huang et al. (2021).
Understanding whether personalized learning paths en-
hance task performance and retention compared to a more
generic approach will help guide the adoption of adap-
tive learning in industrial training environments. Secondly,
the adaptive VR approach we described here has a large
focus on adding additional support adaptively. However,
removing support is performed based on a predetermined
hierarchy of support systems. Future work should inves-
tigate how the information we are collecting during VR
training can be used to remove support systems in a more
personalized and adaptive way as well. We recommend a
similar approach to adding feedback, where user behavior
is analyzed to determine which support systems can be
excluded. This can be achieved by tracking factors such as
the duration each support system was active in an iteration
and using this data to decide which one to remove in the
next iteration.

Beyond evaluating the VR experience, it is crucial to
assess how well physical skills learned in VR transfer
to real-world tasks (Mayer (2011)). While VR training
enhances cognitive and procedural knowledge, its real-
world effectiveness remains key. We will evaluate both in
a follow-up study.

7. CONCLUSION

In this paper, we have demonstrated the concept of sup-
porting adaptive learning in VR assembly training by
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providing real-time guidance using VR’s built-in eye and
hand tracking. Our approach provides personalized sup-
port when the user is having difficulties performing tasks
and removes support dynamically when the user is more
proficient. Based on a collaboration with two manufactur-
ing companies, we demonstrated the feasibility of applying
our concept to a realistic use case within each business.
Future research should evaluate the effectiveness of such
adaptive VR training by comparing it to traditional non-
adaptive approaches, focusing not only on user experience
and efficiency but also on the transfer of physical skills to
real-world performance. Additionally, exploring the poten-
tial of similar adaptive learning approaches in Augmented
Reality and digital work instructions presents an exciting
avenue, especially in environments where physical inter-
action is central, though challenges related to real-time
object tracking remain.
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