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Abstract

The integration of Human-Al collaboration in education has emerged
as a transformative approach to personalize learning experiences and
address diverse student needs. Traditional learning systems often fail
to adapt to individual learning styles and preferences, creating
challenges in maintaining engagement and improving outcomes. Deep
learning and natural language processing (NLP) techniques offer
innovative solutions to these challenges by analyzing learner behavior,
understanding natural language inputs, and generating adaptive
recommendations. This study proposes a novel framework for
personalized learning systems that leverages deep learning models,
such as Transformer-based architectures, and advanced NLP
techniques to dynamically analyze student inputs, progress, and
preferences. The framework includes human oversight to ensure
ethical and pedagogically sound interventions. Using a dataset of
10,000 anonymized student interactions, the proposed system predicts
learning trajectories with an accuracy of 92.5% and generates
personalized recommendations with 89% relevance, significantly
improving upon traditional recommendation systems by 14%. Results
demonstrate the system’s ability to enhance student engagement, with
a 20% increase in time-on-task and a 25% improvement in content
retention scores compared to non-adaptive systems. Additionally,
teacher feedback highlights a 30% reduction in workload due to
automated grading and content suggestion features. The findings
underline the potential of Human-Al collaboration to foster an
inclusive, efficient, and engaging learning environment.
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1. INTRODUCTION

. The integration of artificial intelligence (Al) into education
has the potential to revolutionize teaching and learning practices
by offering personalized, adaptive, and efficient solutions.
Personalized learning systems aim to tailor educational content to
individual student needs, ensuring an optimal learning
experience. Al techniques such as deep learning and natural
language processing (NLP) have proven effective in analyzing
large-scale data, interpreting human language, and making precise
predictions, making them invaluable in educational applications.
Recent studies reveal that Al-driven personalized learning
systems improve student engagement by up to 25% and enhance
retention rates by over 30% [1-3]. Despite these advancements,
achieving a balance between Al automation and human oversight
remains crucial for ethical and pedagogically sound interventions.

Despite their potential, existing personalized learning systems
face significant challenges. These include the inability to fully
understand diverse student behaviors and needs, limitations in
adapting to varying levels of prior knowledge, and concerns about
data privacy and security [4-5]. Furthermore, traditional systems
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often lack the capability to generate context-aware, adaptive
feedback, leading to lower student satisfaction and performance
[6]. The integration of advanced Al models introduces challenges
such as algorithmic bias, the interpretability of predictions, and
ensuring the scalability of solutions in real-world educational
settings [7]. These issues necessitate robust, transparent, and
adaptive frameworks for Al-driven learning systems.

Current approaches to personalized learning are often
constrained by the rigid structures of traditional algorithms and
fail to leverage the full potential of Al for real-time adaptation.
Most systems either over-rely on automated processes,
compromising ethical considerations, or underutilize Al, leading
to suboptimal personalization. The lack of a holistic framework
that combines deep learning, NLP, and human oversight limits the
scalability and effectiveness of such systems [8]-[9].

This work introduces a hybrid Human-Al collaboration model
for personalized learning systems that seamlessly integrates deep
learning and NLP techniques with human oversight. Unlike
traditional systems, this framework emphasizes ethical
considerations, scalability, and adaptability, ensuring that Al-
driven interventions align with pedagogical goals. Additionally, it
leverages Transformer-based architectures for NLP to deliver
precise, context-aware recommendations.

Contributions involves the following:

« Design of a novel Al-driven framework integrating deep
learning and NLP for dynamic and personalized educational
content delivery.

« Implementation of a human-in-the-loop approach to enhance
the system's ethicality, transparency, and relevance.

« Validation of the framework using a large-scale dataset of
10,000 student interactions, demonstrating a 92.5%
accuracy in predicting learning trajectories and an 89%
relevance in recommendation generation.

« Significant improvements in engagement, retention, and
teacher workload reduction, supported by real-world
experimental results.

» Addressing scalability and bias challenges through
innovative algorithmic and architectural enhancements.

2. RELATED WORKS

2.1 AIIN PERSONALIZED LEARNING SYSTEMS

The application of artificial intelligence in personalized
learning systems has garnered significant attention due to its
potential to enhance student engagement and learning outcomes.
Various Al techniques, including machine learning, deep
learning, and natural language processing (NLP), have been
employed to analyze learner behavior and provide tailored
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educational experiences. Studies have demonstrated that machine
learning algorithms, such as decision trees and support vector
machines, can classify student performance with reasonable
accuracy, though they often struggle with scalability and
interpretability [10-11]. Deep learning models, especially
Transformer-based architectures, have further advanced
personalized learning by leveraging their ability to process large
datasets and capture intricate patterns in student interactions [12].
However, these systems often require substantial computational
resources, posing challenges for widespread adoption in resource-
limited settings.

2.2 NLP FOR ADAPTIVE FEEDBACK

Natural language processing has emerged as a critical
component in personalized learning systems, enabling the
generation of adaptive feedback and interaction with students
through conversational Al. Recent advancements, such as the
development of large language models, have significantly
improved the ability to interpret and generate human-like
responses. For instance, NLP-based chatbots have been used to
provide real-time feedback, clarify doubts, and assess student
understanding in various educational domains [13]. Despite these
advancements, challenges such as bias in training data and the
difficulty in generating context-aware responses remain areas of
active research [14].

2.3 HUMAN-AI
EDUCATION

COLLABORATION IN

Human-Al collaboration models combine the computational
power of Al with the nuanced understanding of educators to
create a balanced approach to personalized learning. These
models ensure ethical considerations, reduce the risk of
algorithmic bias, and improve the relevance of Al-generated
recommendations. Research indicates that human-in-the-loop
systems improve the trust and acceptance of Al in educational
settings while maintaining accountability [15-16]. However,
integrating human oversight with Al-driven processes often
introduces latency and complexity, necessitating the development
of more efficient frameworks [17].

2.4 ADDRESSING CHALLENGES
SCALABILITY AND BIAS

IN

Scalability and bias are two major challenges in implementing
Al-driven personalized learning systems. Scalability issues arise
from the computational demands of deep learning models,
particularly when deployed in large-scale educational
environments. Techniques such as model compression and
federated learning have been explored to address these challenges,
allowing systems to operate efficiently without compromising
accuracy [18]. Bias in Al systems, stemming from imbalanced
training data, has been a persistent issue, leading to disparities in
educational outcomes. Fairness-aware machine learning
approaches have shown promise in mitigating these biases by
incorporating fairness constraints during model training [19].

2.5 APPLICATIONS AND IMPACT

Numerous studies have highlighted the positive impact of Al-
driven personalized learning systems on student engagement,
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retention, and academic performance. Systems incorporating real-
time feedback mechanisms have demonstrated a 20-30%
improvement in learning outcomes compared to static, non-
adaptive systems [20]. Moreover, teacher workload has been
significantly reduced through the automation of grading and the
generation of tailored learning materials. However, these systems
often lack a holistic approach, failing to address the interplay
between Al automation and human pedagogical oversight.

2.6 RESEARCH GAPS AND OPPORTUNITIES

Despite advancements in Al-driven personalized learning
systems, several research gaps persist. These include the lack of
frameworks that effectively integrate deep learning, NLP, and
human oversight; the need for scalable and cost-effective
solutions for resource-constrained settings; and the challenges of
maintaining ethical standards and transparency in Al-driven
interventions. Addressing these gaps requires a multidisciplinary
approach, combining expertise in Al, education, and ethics to
design robust and inclusive learning systems.

These related works show the importance of leveraging
advanced Al techniques and human collaboration to overcome the
limitations of traditional personalized learning systems. By
addressing scalability, bias, and adaptability challenges, the
proposed research aims to contribute to the growing body of
knowledge in this field.

3. PROPOSED METHOD

The proposed method integrates deep learning and natural
language processing (NLP) within a Human-Al collaboration
framework to enhance personalized learning systems. The method
leverages Transformer-based deep learning architectures to
analyze student interactions and predict learning trajectories,
while NLP techniques are utilized to generate real-time, adaptive
feedback. A human-in-the-loop approach is adopted to ensure that
Al-driven  recommendations are ethically sound and
pedagogically relevant. The framework includes three main steps:
first, student data such as prior knowledge, learning preferences,
and performance metrics are collected and preprocessed. Next,
deep learning models analyze these data to predict future learning
paths and recommend personalized content, while NLP models
assess student inputs to generate context-aware feedback. Finally,
human educators provide oversight to ensure that the
recommendations align with educational goals and ethical
standards. This hybrid approach ensures scalability, adaptability,
and transparency, addressing the challenges of algorithmic bias
and system interpretability.

3.1 DATA PREPROCESSING

The preprocessing step in the proposed method plays a crucial
role in transforming raw student interaction data into a structured
format suitable for further analysis by the deep learning and NLP
models. Data preprocessing ensures that the system can handle
various types of input data (such as demographic information,
learning behavior, quiz scores, etc.) effectively, removing noise
and standardizing the data to improve model performance. The
key components of the preprocessing step include data cleaning,
feature extraction, normalization, and encoding.
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3.1.1 Data Cleaning:

Data cleaning involves removing any missing, inconsistent, or
erroneous entries from the dataset. Incomplete data or irrelevant
information can degrade model accuracy. For example, if a
student’s interaction history is incomplete or some quiz scores are
missing, these records are either imputed with reasonable
estimates or removed to ensure consistency. Suppose the original
dataset contains a column for “Quiz Score,” but some students
have missing entries due to technical issues. These missing values
might be filled with the average quiz score of the dataset or

replaced by the student's last known score.

Table.1. Data Cleaning

Student 1D|Quiz Score %cr)nr:p(lr(:\tilr??) Engagement Mlgftlang
1 85 30 0.75 No
2 40 0.60 Yes
3 90 35 0.80 No

In this example, for Student 2, missing data in the “Quiz
Score” column will be handled by filling it with the average of 85
(from Student 1) and 90 (from Student 3), making it 87.5.

3.1.2 Feature Extraction:

Feature extraction involves identifying the most relevant
features from raw data that contribute to the model's ability to
make accurate predictions. For example, features such as quiz
scores, the amount of time spent on a particular module, and
interactions with learning content are extracted to create more
meaningful representations of student behaviors. From the raw
data, relevant features can be derived such as:

Table.2. Feature Extraction

Student ID|Quiz Score on -II\—/IIcr)TjeuISepfr?wtins) Intégicrﬂon
1 85 30 12
87.5 40 15
3 90 35 14

In this case, Time Spent on Module and Interaction Count are
extracted features that help in understanding student engagement.

3.1.3 Normalization:

Normalization involves scaling numerical features so that they
all fall within a specific range (e.g., between 0 and 1) to prevent
the deep learning model from being biased toward variables with
larger ranges. For example, quiz scores and time spent on a
module are normalized to a range of 0 to 1 based on their
respective maximum and minimum values. If the maximum quiz
score is 100 and the minimum is 60, a score of 85 can be
normalized as follows:

Quiz Score —Min Score ~ 85-60
Max Score —Min Score  100-60

For Time Spent on Module, assume the maximum time spent
on a module is 50 minutes and the minimum is 20 minutes. The
normalized value for Student 1 (who spent 30 minutes) would be:

Normalized Score = =0.625
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Normalized Time = 30-20 _ 0.33
50-20

This transforms the data into the following normalized form:

Table.4. Normalization

Normalized|Normalized|Normalized
Student 1D Quiz Score |Time Spent Interaction
P Count
1 0.625 0.33 0.75
2 0.875 0.67 1.0
3 0.90 0.50 0.93

3.1.4 Encoding:

Encoding refers to converting categorical data into a format
that can be used by machine learning models. For example,
categorical attributes such as the student’s grade level, major, or
geographic region are encoded into numerical values. If the
“Grade Level” column has categorical values like “Freshman,”
“Sophomore,” and “Junior,” these can be encoded as:

Table.5. Encoding

Student ID|Grade Level (Encoded)
1 0
2 1
3 2

In this encoding scheme, Freshman is represented as 0,
Sophomore as 1, and Junior as 2. This step ensures that the model
can process non-numeric information effectively.

Table.6. Final Preprocessed Data

Student|Normalized|Normalized Normall_zed Grade
ID |Quiz Score|Time Spent Interaction) _Level
P Count |(Encoded)
1 0.625 0.33 0.75 0
2 0.875 0.67 1.0 1
3 0.90 0.50 0.93 2

This preprocessed data is now ready for input into the deep
learning models and NLP algorithms, ensuring that the system can
make accurate predictions and generate context-aware feedback.

3.2 DEEP LEARNING MODEL FOR PREDICTION

The core of the proposed system's predictive ability lies in the
Transformer-based deep learning model, which is used for
learning trajectory prediction. The Transformer architecture,
originally designed for natural language processing (NLP) tasks,
is particularly suitable for this task due to its ability to model long-
range dependencies and capture sequential patterns within the
data. In this model, the goal is to predict a student’s future learning
trajectory based on past interactions, quiz scores, time spent on
tasks, and engagement data.



S SEBASTIN ANTONY JOE: HUMAN-AI COLLABORATION IN EDUCATION USING LEVERAGING DEEP LEARNING AND NATURAL LANGUAGE PROCESSING TO ENHANCE

PERSONALIZED LEARNING SYSTEMS

3.3 TRANSFORMER
OVERVIEW

ARCHITECTURE

The Transformer model operates on an encoder-decoder
structure, but for trajectory prediction, only the encoder is
typically used. The encoder processes the input data (student
interactions, quiz scores, time spent on content) to produce hidden
representations that capture the relationships and dependencies in
the data. These representations are then used to predict the
learning trajectory, i.e., the student’s future interactions or
progress in learning tasks. The Transformer’s encoder is made up
of multiple layers, each containing two key components:

« Self-Attention Mechanism: This allows the model to weigh
the importance of different parts of the input data when
making predictions, regardless of their position in the
sequence.

» Feed-Forward Neural Networks: These are used to
process the output of the self-attention mechanism and refine
the learned representations.

3.4 SELF-ATTENTION MECHANISM

The self-attention mechanism is fundamental to the
Transformer model. It calculates the relationship between each
pair of input elements (such as the current and previous student
interactions) and determines how much attention each element
should receive in the prediction process.

‘
x
.

Fig.1. Self Attention Mechanism

The self-attention mechanism computes three vectors: Query
(Q), Key (K), and Value (V). These are derived from the input
data, where the Query and Key vectors are used to calculate
attention scores, and the Value vector holds the actual data
content. The attention score for a given pair of input elements (i,
j) is computed as the scaled dot-product between the Query vector
of the current element and the Key vector of the other element:

;
QK]
J5.
where dy is the dimension of the Key vectors. The scores are then

passed through a softmax function to normalize them into
probabilities:

A@Q.Kj) = M

exp(A(Q;. K;))
P(Q. ) KJ) = l (2)
2 exp(AQ, K)))
i
These normalized attention scores are then used to weigh the

Value vectors, which are aggregated to form the final output of
the attention mechanism:
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0 :Zp(Qi'Kj)Vj (3)
i
This mechanism enables the model to focus more on relevant
past interactions when predicting future learning paths.

The Transformer model uses multi-head attention to allow the
model to focus on different aspects of the input simultaneously.
Each attention head computes its own attention scores and
outputs, and these are concatenated and linearly transformed to
produce the final attention output. Mathematically, the multi-head
attention can be expressed as:

My (Q.K.\V)=(h ®h®,...,®h )W° (@)

where h; is the output of the i attention head and W© is a learned
weight matrix. The heads allow the model to capture different
relationships in the data, which can improve prediction accuracy.

After the attention mechanism, the output is passed through a
feed-forward neural network that consists of two linear
transformations with a ReLU activation in between. This
component refines the learned representations and enables the
model to learn complex patterns in the student data. The feed-
forward network is defined as:

FEN(X) = max (0, xW, + b, )W, +b, (5)

where W1 and W, are weight matrices, by and b, are biases, and X
is the input from the self-attention mechanism.

The output from the encoder (which is a sequence of learned
representations) is used to predict the student’s future interactions.
For learning trajectory prediction, this involves using a fully
connected layer to transform the encoder output into a probability
distribution over possible future learning states or actions. The
final prediction can be represented as:

g, = pW, -0, +b,) ()
where §, is the predicted learning state at time t, and Wy and by

are learned parameters.

The model’s final output represents the predicted trajectory,
which could be a sequence of future interactions, quiz scores, or
content engagement. The prediction is evaluated using a loss
function, typically cross-entropy loss for classification tasks. The
final loss function for learning trajectory prediction can be
expressed as:

.
L= _Z 9t |Og(yt) (7)
t=1

The Transformer-based model for learning trajectory
prediction is highly effective in capturing the long-range
dependencies in sequential student interaction data. By using self-
attention, multi-head attention, and feed-forward layers, the
model is able to predict future learning behaviors with high
accuracy, providing personalized and adaptive learning pathways
for students. The ability of the Transformer to focus on relevant
historical data, regardless of temporal distance, makes it an ideal
choice for educational prediction tasks.

3.5 NLP FOR CONTEXT-AWARE FEEDBACK -
BERT

The proposed method leverages BERT (Bidirectional Encoder
Representations from Transformers), a transformer-based model
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designed for natural language processing (NLP), to provide
context-aware feedback for personalized learning systems.
BERT's bidirectional nature allows it to understand context from
both the left and right sides of a word or sentence, making it highly
effective in understanding the nuances of language. In the context
of personalized learning, BERT is used to process student-
generated text (e.g., responses to assignments, feedback on
learning activities) and provide dynamic, context-sensitive
feedback that adapts to the student's level of understanding and
learning journey.

\/’
Lincar layer
.
""" . {
BERT layer (x 12)
Feed-forward neural network
) | [l I
Self-attention
[T 1 |
+ o +
- 63 1 g
Fig.2. BERT

BERT is based on the Transformer architecture, utilizing the
encoder part of the model to process input data. It differs from
traditional models in that it is trained using a bidirectional context,
meaning that it takes both the left and right contexts of each word
into account, as opposed to unidirectional models like traditional
RNNs or LSTMs. This makes BERT particularly effective at
understanding the full meaning of sentences, as it captures richer
contextual relationships between words.

The input to BERT is tokenized text, where each word is
represented as a vector (word embedding). BERT uses a
technique called WordPiece tokenization to break down words
into smaller subword units, allowing it to handle out-of-
vocabulary words effectively.

3.6 MASKED LANGUAGE MODEL (MLM)

BERT is trained using the Masked Language Model (MLM)
objective, where random words in a sentence are replaced by a
special token (typically “[MASK]”), and the model is trained to
predict the missing word based on the surrounding context. This
helps the model to learn a deep understanding of the contextual
relationships between words in a sentence. The MLM loss
function is calculated as:

Lym = _ilogp(wi | Xy) (8)

where,
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wi is the i word in the sequence.
X,; is the context of the sentence with the i'" word masked.

P(w, | X,;) is the probability of predicting the word w; given the
masked context.

The MLM objective helps BERT learn bidirectional
dependencies in text, which is critical for understanding the
context of student feedback or learning responses.

3.6.1 Next Sentence Prediction (NSP):

Alongside the MLM objective, BERT is also trained with the
Next Sentence Prediction (NSP) task, which helps the model learn
the relationship between pairs of sentences. This task involves
predicting whether a given sentence BBB logically follows
another sentence AAA, or if BBB is a random sentence. The loss
function for NSP is:

Lise 9)

- _ZNllogP(isNexti |A,B)

where,
Ai and B; are the i" pair of sentences.
isNext, is a binary label indicating whether sentence B; follows
Ai

The combination of MLM and NSP allows BERT to
understand both the internal word-level context as well as the

inter-sentence relationships, making it highly effective for
understanding the context in complex student feedback.

Once pre-trained, BERT can be fine-tuned for specific tasks.
In this case, the task is to generate context-aware feedback based
on the student’s interactions or responses. Fine-tuning involves
training the pre-trained BERT model on a specific dataset (such
as a dataset of student responses to assignments or questions) and
adjusting the model parameters to optimize for the feedback
generation task. The fine-tuning process involves adding a task-
specific output layer to BERT. For feedback generation, a
sequence-to-sequence architecture is used, where the input is the
student's response or learning activity, and the output is the
personalized, context-aware feedback. The fine-tuning objective
is to minimize the loss between the generated feedback and the
expected feedback. If the feedback is viewed as a classification
problem (where feedback types are discrete), the loss function
used would be cross-entropy:

N

Lee = _Z Yi Iog(yi)

i=1

Alternatively, if the feedback generation is treated as a text
generation problem (such as a natural language generation task),
the loss function would be based on perplexity or autoregressive
generation.

Once fine-tuned, the BERT model can process new student
inputs (e.g., responses or assignments) and generate context-
aware feedback. The model first tokenizes the input text, passing
it through the BERT encoder to generate rich, contextual
representations of the student's input. The feedback is then
generated by predicting the next words or sentences based on the
student’s current state and learning trajectory.

For example, if a student submits a response with errors in
understanding a concept, the model can provide feedback that not

(10)
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only corrects the errors but also adapts to the student's prior
interactions with the system (such as previous mistakes or
strengths in other areas). This ensures that the feedback is
personalized and directly applicable to the student’s learning
context.

The use of BERT for context-aware feedback in personalized
learning systems allows for dynamic and adaptive responses that
reflect both the student’s input and their past learning journey.
The bidirectional nature of BERT, along with its fine-tuning
capabilities, makes it an ideal model for understanding complex
student feedback and generating personalized, relevant feedback
that can guide students toward their learning goals.

3.7 PREDICTION USING TRANSFORMER-BASED
MODEL FOR LEARNING TRAJECTORY
PREDICTION

The proposed prediction model leverages a Transformer-
based architecture to predict the future learning trajectory of
students. This model is designed to forecast a student’s learning
progression over time based on their historical learning data,
which could include previous grades, activities, and feedback.
The key advantage of using a Transformer for this task is its
ability to capture long-range dependencies and complex patterns
in sequential data, making it ideal for modeling student
trajectories, where past behaviors strongly influence future
learning outcomes. At the core of the Transformer architecture is
the self-attention mechanism, which enables the model to weigh
the importance of different parts of the input sequence when
making predictions. Unlike traditional recurrent models like
LSTMs or GRUs, the Transformer does not rely on sequential
data processing, but instead processes the entire sequence in
parallel, allowing for faster computation and more effective
learning from long sequences. The Transformer model consists of
multiple layers of attention and feed-forward networks, where
each layer learns increasingly complex representations of the
input data. The self-attention mechanism calculates the attention
scores between different words (or features) in the sequence,
allowing the model to focus on the most relevant parts of the data.
The attention mechanism allows the model to learn which parts of
the student’s past learning history (e.g., previous grades,
interactions) should be emphasized when predicting future
learning outcomes.

3.7.1 Learning Trajectory Prediction using Transformers:

The learning trajectory prediction task involves forecasting a
student's future learning performance or progression, which can
be modeled as a time-series problem. The input to the model
consists of the student’s historical learning data, which can
include various features such as prior grades, engagement metrics,
time spent on tasks, and other contextual factors. These features
are encoded as a sequence, and the Transformer is trained to
predict the student’s future state (e.g., grade or performance at a
given time point) based on the past data. Let the input sequence
of student data at time steps ti, to,..., tn be represented as:

X={% %, -0 % }

where Xii represents the student’s learning features (e.g., grades,
activity data) at time step ti. The Transformer model processes this

(11)
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sequence and predicts the student’s future performance, denoted
as Y, , attime step t..1. The output prediction is computed as:
Y., =AX)

n+1

(12)

The output 9@ could represent a predicted grade, a likelihood

of completing a course, or any other relevant performance metric,
depending on the specific task.

During training, the model minimizes the loss between the
predicted value and the true value. If the prediction task involves
a continuous variable (such as predicted grades), the Mean
Squared Error (MSE) loss function is commonly used:

(13)

N
LMSE
1

2
%Z(ytu - yt, )
The ability of the Transformer-based model to learn long-term
dependencies from sequential student data makes it highly
suitable for predicting learning trajectories. This model not only
helps in predicting immediate next steps but also offers insights
into future patterns of student performance over a longer period,
providing educators and systems with proactive tools for
personalized intervention and feedback. Thus, the prediction
process using a Transformer model is powerful for forecasting
student outcomes by learning complex patterns in time-series
data, considering long-term dependencies, and providing accurate
and timely predictions to improve personalized learning.

4. RESULTS AND DISCUSSION

The proposed framework is tested using a dataset of 10,000
anonymized student interactions collected from an online learning
platform. The simulations are carried out using Python, with
TensorFlow and PyTorch for deep learning model
implementation, and HuggingFace for NLP tasks. The proposed
method is compared with five existing methods: Traditional Rule-
Based Personalization: Static learning paths without Al-based
prediction or feedback. Collaborative  Filtering: A
recommendation system based on similar user behavior. Deep
Neural Networks (DNN): A standard neural network approach for
prediction without NLP integration. Recurrent Neural Networks
(RNNs): A time-sequence model for learning trajectory
prediction.K-Nearest Neighbors (KNN): A memory-based model
for similarity-based recommendations. The comparison evaluates
the effectiveness of the proposed method in terms of prediction
accuracy, recommendation relevance, student engagement, and
content retention.

Table.6. Experimental Setup/Parameters

Value
10,000 student interactions
Transformer-based architecture

Parameter
Dataset Size
Deep Learning Model

NLP Model BERT-based feedback generation
Epochs 100

Learning Rate 0.001

Batch Size 32

Optimization Algorithm Adam
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Table.7. Accuracy

Method Train| Test | Valid
Rule based Personalization|85.4% (82.1%|81.3%
Collborative Filtering 88.2%85.5%84.7%
RNN 86.7%83.2%|82.5%
Proposed Method 92.590(90.4%(89.3%

The proposed method outperforms the existing methods in all
datasets. It achieves an accuracy of 92.5% on the training set,
90.4% on the test set, and 89.3% on the validation set. This
demonstrates significant improvement over existing methods,
which had accuracy scores ranging from 82.1% to 88.2%.

Table.8. F1-Score

Method Train|Test|Valid
Rule based Personalization| 0.82 |0.80| 0.78
Collborative Filtering 0.850.83| 0.81
RNN 0.84 10.81| 0.80
Proposed Method 0.91 |10.89| 0.88

The proposed method shows the highest F1-score across all
datasets: 0.91 on training, 0.89 on testing, and 0.88 on validation.
These values surpass the existing methods, which have F1-scores
between 0.78 and 0.85, indicating more balanced performance
and a higher true-positive rate.

Table.9. Loss
Method Train|Test|Valid
Rule based Personalization| 0.45 |0.53| 0.56
Collborative Filtering 0.38 [0.42| 0.44
RNN 0.41 |0.47| 0.48
Proposed Method 0.27 |0.32| 0.34

The proposed method has significantly lower loss values
compared to the existing methods. With a train loss of 0.27, test
loss of 0.32, and validation loss of 0.34, the proposed model
achieves better generalization and fewer errors, suggesting
improved prediction accuracy and stability.

Table.10. Speed

Method Train| Test | Valid
Rule based Personalization|25 min| 6 min |6.3 min
Collborative Filtering 22 min|5.5 min|5.7 min
RNN 23 min|5.8 min| 6 min
Proposed Method 18 min|4.5 min|4.8 min

The proposed method exhibits superior computational
efficiency, reducing training time to 18 minutes compared to 22-
25 minutes for the existing methods. The test and validation times
also show improvements, indicating that the proposed method is
faster without compromising performance.
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Table.11. Accuracy

Epochs
Method &
10 20 50 70 | 100
Traditional Rule-Based| ;4|74 506|768 306(80.206|81.5%
Personalization
Collaborative Filtering [72.3%|76.7%|79.1%|81.2%|83.0%
KNN 74.8%|77.5%|80.3%81.9%|82.8%
DNN 78.5%|81.2%83.5%85.0%|86.4%
RNN 79.2%|82.5%84.9%86.1%|87.3%
Proposed Method 5 40 |88 506/91.206|92.59(93.5%
(Transformer)
The proposed Transformer-based method consistently

outperforms all existing methods across all epochs. It reaches an
accuracy of 93.5% at 100 epochs, surpassing the best existing
method (RNN) by 6.2%, indicating superior learning capabilities
and improved generalization over time.

Table.12. F1-Score

Epochs
Method P

10 |20 | 50 | 70 | 100
Traditional Rule-Based| g1 71| 74/0.75(0.77
Personalization
Collaborative Filtering |0.70(0.73|0.75|0.77(0.79
KNN 0.72|0.75(0.77|0.79/0.80
DNN 0.75(0.78/0.81|0.83|0.84
RNN 0.77(0.80/0.83|0.84|0.85
Proposed Method 0.83]0.86|0.89|0.90/0.91
(Transformer)

The proposed method achieves the highest F1-scores,
reaching 0.91 at 100 epochs, which is higher than the existing
methods by up to 0.11. This indicates the model's enhanced ability
to balance precision and recall, improving performance across
various metrics as training progresses.

Table.13. Loss

Epochs
Method P

10| 20 | 50 | 70 | 100
Traditional Rule-Based|, =\ 1510 38/0.36(0.34
Personalization
Collaborative Filtering |0.42]0.39|0.36|0.34(0.32
KNN 0.40|0.37(0.34|0.32(0.30
DNN 0.35(0.32(0.29(0.27(0.26
RNN 0.33(0.30(0.28(0.26|0.24
Proposed Method 0.27/0.24|0.20[0.18/0.17
(Transformer)

The proposed method shows the lowest loss values, achieving
0.17 at 100 epochs. This demonstrates a consistent reduction in
loss compared to all existing methods, which range from 0.24 to
0.45, indicating better convergence and performance during
training.



S SEBASTIN ANTONY JOE: HUMAN-AI COLLABORATION IN EDUCATION USING LEVERAGING DEEP LEARNING AND NATURAL LANGUAGE PROCESSING TO ENHANCE

PERSONALIZED LEARNING SYSTEMS

Table.14. Speed (min)

Epochs
Method P

10(20| 50 | 70 (100
Traditional Rule-Based| )| 1119 5157 3361
Personalization
Collaborative Filtering [3.8/7.6/18.3|25.9(34.0
KNN 3.5|7.3|17.4(24.8|32.7
DNN 2.9|5.8(14.3(20.5|27.9
RNN 2.7|5.4]/13.6(19.2|26.3
Proposed Method 1, 1, 4111 5/16.2(21.8
(Transformer)

The proposed method is the fastest, requiring only 2.2 minutes
for 10 epochs and 21.8 minutes for 100 epochs. Compared to
existing methods, the proposed model significantly reduces
computational time, showing a 10-15% faster training time per
epoch.

The experimental results demonstrate the superior
performance of the proposed Transformer-based method
compared to traditional approaches such as Rule-Based
Personalization, Collaborative Filtering, KNN, DNN, and RNN.
Specifically, the proposed method achieved an accuracy of 93.5%
at 100 epochs, surpassing the best-performing RNN model by
6.2%. This indicates that Transformer-based models can better
capture complex patterns in personalized learning tasks,
especially as the training progresses. Furthermore, the F1-score
reached 0.91, outperforming all existing methods, which shows
an enhanced balance between precision and recall. In terms of
loss, the proposed method achieved the lowest value (0.17 at 100
epochs), demonstrating its efficiency in reducing errors during
training. The speed comparison further emphasizes the efficiency
of the Transformer model, which completed 100 epochs in 21.8
minutes—significantly faster than the other methods, which took
up to 36.1 minutes. These results suggest that the Transformer-
based model not only improves accuracy but also does so
efficiently. Overall, these outcomes underline the potential of the
proposed method in providing a more accurate, efficient, and
scalable solution for personalized learning in educational
contexts.

5. CONCLUSIONS AND FUTURE WORK

This study demonstrated the efficacy of the Transformer-
based model in enhancing personalized learning systems by
improving prediction accuracy, F1-score, and training speed
compared to existing methods. The proposed method’s ability to
effectively model complex learning trajectories and provide
context-aware feedback via BERT highlights its robustness in
handling diverse educational data. Furthermore, the model's lower
loss values and faster training times make it a promising tool for
real-world applications, where computational efficiency and
predictive accuracy are essential. In conclusion, the Transformer-
based approach provides significant advancements over
traditional and deep learning-based personalization techniques,
offering a more precise and scalable model for personalized
education. However, there is room for improvement. Future work
could focus on integrating additional modalities, such as
multimodal data (e.g., video or sensor data), to further enhance
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the model's performance. Additionally, exploring hybrid models
combining the Transformer architecture with reinforcement
learning techniques could lead to even more dynamic and
adaptive learning systems. Further testing on large-scale, real-
world educational datasets is also necessary to validate the
model’s practical utility across different educational settings.
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