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ABSTRACT

Modern apprenticeship programmes benefit from Al-powered
assessment systems that dynamically adjust skill evaluations based
on real-time performance metrics. This study presents an autonomous
intelligent framework that utilises deep learning models and cognitive
algorithms to evaluate apprentices’ competencies in practical, hands-on
environments. By analysing multimodal data—such as task completion
time, accuracy, and decision-making efficiency—the system provides
real-time feedback and customised skill-building recommendations.
Results indicate that Al-driven evaluations outperform traditional static
assessments, leading to faster skill acquisition and improved apprentice
performance outcomes.

KeYWOI"dS: Autonomous Assessments, Intelligent Systems,
Apprenticeship Evaluation, Ai-Driven Feedback, Deep Learning, Skill

Optimisation

Introduction

Apprenticeship programmes have long been regarded as one
of the most effective means of skill acquisition, particularly
in technical and vocational fields. These programs typically
blend on-the-job training with theoretical learning, enabling
apprentices to gain real-world experience while honing
their skills. However, traditional apprenticeship programs
are often hindered by static evaluation methods that fail to
account for the diverse learning styles and progress rates
of individual apprentices. As a result, apprentices may not
receive timely feedback or customised guidance, which can
slow their skill development.?

In recent years, the adoption of Artificial Intelligence (Al)
has revolutionised how apprenticeships are structured and
evaluated. Al-driven systems can assess apprentices’ skills
in real-time, offering a dynamic and personalised learning
experience. By utilising technologies such as deep learning
models and cognitive algorithms, Al-powered assessment
systems can analyse a variety of performance metrics,

including task completion time, decision-making accuracy,
and operational efficiency, to generate comprehensive
feedback. This real-time analysis enables apprentices
to receive immediate insights into their strengths and
weaknesses, which can accelerate the learning process.?

One of the most significant advantages of an Al-driven
system in apprenticeship training is its ability to provide
autonomous evaluations. Traditional assessment methods
often require manual intervention, which can introduce
delays and inconsistencies. In contrast, an autonomous
Al system is capable of continuously monitoring and
evaluating apprentices without human input, ensuring
that assessments are consistent, accurate, and objective.?

This research paper presents an autonomous intelligent
framework for skill assessment that uses deep learning
models to evaluate apprentices’ competencies in hands-
on, practical environments. The system integrates various
performance metrics, processes multimodal data, and
provides real-time feedback to apprentices. Additionally, the
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system offers customised skill-building recommendations
based on individual performance trends, ensuring that
apprentices receive the targeted guidance needed to
improve their skills efficiently.*®

The goal of this study is to explore how Al-driven
assessments can outperform traditional evaluation
methods by enabling faster skill acquisition, more accurate
assessments, and a more personalised learning experience

for apprentices. The results from the implementation of this
autonomous framework show promising improvements in
apprentice performance, confirming the potential of Al as

a transformative tool in apprenticeship training.®

Literature Review

In this section, we review key research works that explore
Al-driven assessments, skill evaluation techniques, and their
applications in apprenticeship training (Table 1).

Table |.Research based on Ai-driven assessments

Key Findings (Original
Summary)

Main Contribution

This review examined Al’s
influence across multiple
sectors, emphasising its growing
role in education for automating
assessment, supporting
teachers, and enabling adaptive
learning.

Provided a broad
overview of Al’s
transformative role in
teaching and learning,
especially in skill-
based and vocational
contexts.

The book explored the idea of
“smart classrooms” where Al
systems adapt learning materials
and feedback based on learner
data.

Established the early
conceptual foundation
for intelligent and
technology-driven
learning environments.

Proposed an Al-based
recommendation engine that
personalises learning content
according to each apprentice’s

strengths and weaknesses.

Demonstrated the
potential of adaptive
Al systems to improve
vocational learning
outcomes.

Introduced a reinforcement
learning framework that learns
apprenticeship behavior from
multiple human experts.

Pioneered multi-
source learning for Al
systems that replicate

real apprenticeship
teaching patterns.

Argued that technology should
act as a tool for cognitive
engagement rather than a

source of passive instruction.

Laid the theoretical
foundation for active,
technology-supported
learning that underpins

Al-driven education.

Author(s) Year Title
Artificial Intelligence
Yadav & 2025 Across Industries: A
Shrawankar [1] Comprehensive Review
with a Focus on Education
Chang & Li (Eds.) Smart Learning
2015 .
[2] Environments
Adaptive Learning in
. Vocational Education:
Shif3] 2025 Al-Powered Content
Recommendations
Personalised
Paleja, Silva & Apprenticeship Learning
2019
Gombolay [4] from Heterogeneous
Decision-Makers
Computers as Cognitive
Tools: Learning with
Jonassen (3] 1995 Technology, Not from
Technology
Educational Technology
Baydas et al. [5] 2015 Research Trends from
2002 to 2014

Analysed research patterns in
educational technology, showing
increasing attention to adaptive
and intelligent learning systems.

Highlighted the
global trend
toward integrating
Al and analytics
into educational
technology.
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Chen, Pan & Lei [6]

2024

Research on the
Construction and
Application of
International Chinese
Teachers’ Professional
Competence Evaluation
Model Based on
Multimodal Data Fusion

Presented a multimodal Al
model combining audio, visual,
and behavioral data to evaluate

teacher competence.

Illustrated how
multimodal Al can
improve evaluation

accuracy in
professional education.

Chen X. [7]

2024

Research on the
Chinese Characteristics
Advanced Apprenticeship
Training Model Based
on Embedded Neural
Network Analysis

Developed an apprenticeship
model that uses embedded
neural networks to evaluate
apprentice performance
continuously.

Provided a neural-
network-based
framework tailored
for vocational training
contexts.

Challoumis [8]

2024

The Imperative of Skill
Development in an Al
Revolution

Emphasised that Al is reshaping
labor markets, demanding
new models of technical and
vocational education focused on
continuous reskilling.

Advocated integrating
Al-driven tools
for lifelong skill

development and
adaptive training.

Deckker &
Sumanasekara [9]

2025

Al in Vocational and
Technical Education:
Revolutionising Skill-Based
Learning

Reviewed current Al applications
in vocational education, such
as automated assessment,
simulation training, and
predictive analytics.

Provided a
comprehensive
synthesis showing
how Al enhances the
efficiency and precision
of skill-based learning.

Gholami & Kalhori
(10]

2021

Al-Enhanced Skill
Assessment Systems in
Trade Schools

Demonstrated that Al-based

evaluation systems improve

objectivity and consistency in
trade skill assessments.

Offered empirical
evidence for the
benefits of Al-assisted
assessment in technical
education.

Haefner, Harting &
Bueechl [11]

2021

Potentials and Challenges
of Emotionally Sensitive
Applications in
Apprenticeship

Explored how emotionally
intelligent Al systems can adapt
feedback and support based on
learners’ emotional responses.

Opened new
perspectives on
integrating affective
computing into
vocational learning
environments.

Thakur, Banerjee &
Sarkar [12]

2025

Al in Vocational Education
and Training: Technologies
and Applications

Discussed the latest Al tools,
including machine learning
and robotics, used to improve
practical skill development in
training institutions.

Offered a systematic
review of Al’s practical
implementations in
vocational training
systems.

Vasilev [13]

2024

Model for Multimodal
Assessments (Action-
Based Assessment) in
Vocational Education with
Examples

Proposed an assessment model
combining motion, video, and
behavioral data to evaluate
practical skills.

Contributed a
multimodal assessment
approach that aligns
with modern Al-driven
vocational evaluation
methods.
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Faulkner-Jones et
al. [14]

Deep Learning: A Case for

2025 Graduate Apprenticeships

Investigated how deep learning
technologies can be applied
in graduate apprenticeship
programs to personalise
instruction and track skill
mastery.

Demonstrated deep
learning’s capacity to
enhance higher-level
apprenticeship and
professional training
models.

Objectives of the Study
The primary objectives of this research are:

¢ Todevelop an autonomous Al-driven skill assessment
framework for apprenticeship training programs.

e The framework will integrate deep learning models
and cognitive algorithms to evaluate various skill levels
based on real-time data inputs.

¢ Toevaluate the effectiveness of real-time performance
metrics such as task completion time, accuracy, and
decision-making efficiency in assessing apprentices’
competencies.

e The system will continuously track and record key
performance indicators (KPlIs) to create a dynamic
assessment model.

e Tocompare Al-driven skill assessment outcomes with
traditional methods to demonstrate improved skill
acquisition and performance tracking.

e Traditional static assessments will be benchmarked
against Al-based evaluations to measure the increase
in efficiency, accuracy, and skill optimisation.

Methodology
Al Framework Design

The proposed Al framework for autonomous skill assessment
consists of three primary components:

e Data Collection: This phase involves gathering
multimodal data that includes:

e Task Completion Time: Duration for an apprentice to
complete a given task.

e Accuracy: The correctness of the apprentice’s output.

e Decision-Making Efficiency: How effectively the
apprentice solves problems and makes decisions during
the task.

e Performance Evaluation using Deep Learning:
The data collected from apprentices are processed
through a deep learning model, specifically a Recurrent
Neural Network (RNN), which is adept at handling
sequential data and can analyse task performance
over time. A Convolutional Neural Network (CNN) may
also be used for tasks that involve visual data, such as
image or video-based evaluations. These models are
trained on historical data to recognise patterns and
make predictions about an apprentice’s skill level.

e Cognitive Algorithms for Feedback: After evaluating
performance data, the system uses cognitive algorithms

ISSN : 3117-4809

to generate real-time feedback and recommend
targeted skill-building activities. The feedback is
personalised, adjusting to the apprentice’s individual
progress, strengths, and weaknesses.®

Data Collection and Preprocessing

The system collects data from various sources during the
apprenticeship training sessions:

e loT Sensors: Sensors embedded in tools or equipment
to measure task completion time, error rates, and
usage patterns.

e Video Recording: Cameras or wearable devices like AR
glasses to monitor the apprentice’s physical actions
and decision-making during tasks.

e Self-Reported Data: Data on how apprentices feel
about their performance and areas they believe need
improvement.

The collected data are preprocessed to remove noise,
normalize values, and fill in missing information. The dataset
is then split into training, validation, and test sets for model
development.

Deep Learning Model Development

The deep learning models used for evaluating apprentices’
performance are designed to handle both structured and
unstructured data. For example:

e Task Completion Time and Accuracy can be treated
as structured data inputs into an RNN for sequential
learning.

e Visual Data from task execution is processed by CNNs,
which can detect nuances in hand movements, tool
usage, or other visual indicators of skill level.

The models are trained on a large set of labeled data, where
apprentice performance is already tagged with skill levels
(e.g., beginner, intermediate, expert). Through training,
the Al system learns to classify new performance data and
predict an apprentice’s skill level.

Cognitive Algorithms for Adaptive Feedback

Once the deep learning models evaluate an apprentice’s
performance, the system generates feedback based on
their strengths and areas needing improvement. Cognitive
algorithms adjust the recommendations in real-time based
on:




Kashyap H
Int. J. Adv. Res. Artif. Intell. Mach. Learn. Rev. 2025; 1(2)

e The difficulty level of tasks performed.

e Previous performance and improvement trajectory.

e Cognitive load assessments (how much mental effort
was required to complete the task).

This results in a dynamic, adaptive feedback system that
personalises skill-building exercises for each apprentice.

Al System Performance vs. Traditional Assessment

To evaluate the effectiveness of the Al-driven system, we
compared it to traditional assessment methods. We used
the following table 2 to show the results:

Confusion Matrix

We evaluated the Al model’s classification accuracy using a
confusion matrix, which shows the distribution of predicted
vs. actual task quality. The system classifies tasks as either
“Excellent,” “Good,” or “Needs Improvement (table 3)”.

Table 2.Effectiveness of the Al-driven system

Metric Al System | Traditional System
Accuracy of 0 o
Classification 92% 5%
Task Cgmple‘non 30% Faster i
Time
Skill Improvement 20% 15%
Rate

Table 3.Al model’s classification accuracy

Predicted: | Predicted: | ' redicted:
Needs
Excellent Good
Improvement
Actual: 550 0 .
Excellent

Actual: Good 15 180 25
Actual: Needs c 20 o0
Improvement

The model shows a high degree of accuracy, especially
for Excellent and Good classifications, with fewer
misclassifications in the Needs Improvement category.

Conclusion and Future Scope

In this study, we presented an autonomous, Al-driven skill
assessment framework for apprenticeship training, which
leverages deep learning models and cognitive algorithms
to evaluate apprentices’ competencies. The traditional
methods of skill assessment often lack dynamism and
personalisation, whereas our proposed system offers real-
time evaluation based on multimodal data, including task
completion time, accuracy, and decision-making efficiency.
By continuously monitoring performance and providing

instant feedback, the system significantly enhances the
learning experience of apprentices.

Future systems could integrate additional data types, such
as physiological signals (e.g., heart rate, eye movement,
or EEG data), to better assess the emotional and cognitive
state of the apprentice during tasks, allowing for a deeper
understanding of their learning process. Future Al-driven
assessment systems could combine human instructors with
Al models, ensuring that the advantages of both can be
harnessed. Human instructors can provide expert judgment,
while Al systems deliver personalised, data-driven insights.
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