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ABSTRACT

The rapid growth of online learning has increased the need for systems that provide personalized support according
to students’ knowledge, learning speed, and engagement. Adaptive learning systems address the limitations of fixed
learning sequences by using student data to provide suitable learning activities. Knowledge Tracing is widely used to
estimate students’ changing knowledge levels from previous learning interactions. However, knowledge prediction
alone cannot determine which activity should be given next. Reinforcement Learning can address this problem by
making sequential decisions based on the learner’s changing state. Recent studies have combined Knowledge Tracing
with Reinforcement Learning for personalized learning-path recommendation and have also explored Soft Actor-
Critic (SAC) for educational recommendation. However, reward design remains a challenge because rewards based
only on correctness or short-term performance may favor easy activities rather than meaningful learning
improvement. Multi-objective Reinforcement Learning can consider multiple learning goals during decision-making.
This review examines Knowledge Tracing, learner-state estimation, Reinforcement Learning, SAC, personalized
learning-path recommendation, and multi-objective reward design. Based on the literature, a knowledge-level-aware
adaptive learning framework is proposed in which the changing knowledge state guides SAC-based task selection,
while the reward considers performance, knowledge gain, and engagement. The review also identifies gaps in reward

design, learner-state representation, action-space design, evaluation quality, and long-term educational validation.

Keywords: Adaptive Learning, Knowledge Tracing, Multi-Objective Reward Optimization, Personalized

Learning, Reinforcement Learning, Soft Actor-Critic, Student Knowledge State.

1. INTRODUCTION

knowledge gain, and engagement. Therefore, this

. .. . . research focuses on these three connected areas.
The growing use of digital education has increased

the need for learning systems that can respond to
individual student needs. Students differ in their
knowledge, progress, learning speed, and
engagement, so the same learning path may not be
suitable for everyone. Adaptive learning addresses
these differences by using student information to
provide suitable learning activities. Knowledge
Tracing can estimate changes in student knowledge,
while Reinforcement Learning, particularly Soft
Actor-Critic (SAC), can support the selection of the
next learning task. In addition, a multi-objective

reward can evaluate learning using performance,

1.1 Digital Learning and the Need for Adaptive

Learning

Digital learning platforms collect student
information such as answers, marks, attempts, time
spent, learning history, and engagement. This
information can help researchers understand student
learning behavior and provide support according to
individual learning needs (Hariyanto et al., 2025).
However, many traditional systems still provide the
same sequence of content to students even when
their needs are different. Adaptive learning
addresses this problem by selecting suitable learning

activities according to student progress and needs.
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Student knowledge should not be treated as fixed
because it changes through study, practice,
mistakes, and feedback. Therefore, learning systems
should regularly update their understanding of
student knowledge instead of depending only on a
single score or fixed knowledge category (Qian et
al., 2024). Knowledge Tracing supports this process
by using previous student interactions to estimate
changes in knowledge over time. Recent studies
have also considered longer learning histories and
additional learner information for better knowledge

estimation (Luo et al., 2024; Qian et al., 2024).

1.2 Knowledge Tracing and Reinforcement

Learning for Learning Decisions

Knowledge Tracing can estimate what a student
currently knows, but it does not decide what the
student should study next. Reinforcement Learning
can support this decision by selecting learning
activities, observing student responses, and learning
from the results of previous decisions (Riedmann et

al., 2025).

Recent research has also explored SAC for
educational recommendation. Song et al. (2026)
used a SAC-based approach for personalized
educational-resource recommendation based on
learner behavior and available resources. SAC can
help an adaptive system explore different learning
activities rather than repeatedly selecting only
familiar tasks. However, the usefulness of a task
should not be evaluated only through correct
answers. Otherwise, the system may prefer easy
questions that improve short-term performance
sufficient

without producing knowledge

improvement (Fu, 2025).

1.3 Multi-Objective Reward and Proposed

Research Direction

Learning involves several goals, including
improving performance and knowledge while

maintaining student engagement. A multi-objective
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reward can consider these outcomes together. In this
research, performance, knowledge gain, and
engagement are the main reward components.
Recent studies also support considering multiple
learning goals. For example, Yi et al. (2026)
considered learning gain, knowledge coverage, and
changes in learning difficulty while generating

adaptive learning paths.

Although progress has been made in Knowledge
Tracing, Reinforcement Learning, SAC-based
recommendation, and adaptive learning paths, there
is still a need to connect these areas within one
adaptive learning framework (Fu, 2025; Li et al.,
2026). Therefore, this research focuses on Adaptive
Learning Using Soft Actor-Critic with Multi-
Objective Reward Optimization. Knowledge
Tracing will estimate the changing student
knowledge state, SAC will select the next learning
task, and a multi-objective reward based on
performance, knowledge gain, and engagement will
evaluate the response. The updated knowledge state
and learning results will then support the next task
selection, allowing the learning path to change

according to student progress and needs.
2. Review of Literature

Recent research in adaptive learning focuses on
understanding the changing knowledge of students
and using this information to provide suitable
learning activities. The literature related to the
present research can be divided into five main areas:
Knowledge Tracing and student knowledge
modelling, Knowledge Tracing with Reinforcement
Learning, Reinforcement Learning and Actor-Critic
methods, multi-objective adaptive learning, and

personalized adaptive learning.

2.1 Knowledge Tracing and Student Knowledge
Modelling

Knowledge Tracing is used to understand how

student knowledge changes during learning. Qian et
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al. (2024) proposed a student-state-based
Knowledge Tracing method that used previous
learning information to improve the prediction of

student performance.

Luo et al. (2024) also studied student states and
showed that different levels of learning information

can improve knowledge estimation.

Tong and Ren (2025) combined Knowledge Tracing
with cognitive-load information for personalized
learning-path generation. Their work showed that
correct and incorrect answers alone may not provide
enough information about a student's learning

condition.

Li et al. (2026) developed an Adaptive Knowledge
Tracing approach that considers changes in
knowledge, previous learning information, and
forgetting. The model was tested on three
Assessment’s datasets and showed improvements

over comparison methods.

Xiang and Li (2026) further considered changing
learner information for personalized learning-path
optimization. Together, these studies show that
student knowledge should be updated during

learning rather than treated as a fixed value.

Recent studies show that understanding changes in
student knowledge is important for personalized
learning. Li et al. (2026) showed that student
knowledge can be updated using learning history
and forgetting information, while Xiang and Li
(2026) found that changing learner information can
support personalized learning paths. Tong and Ren
(2025) showed that combining student knowledge
with other learner information can improve
learning-path decisions. Similarly, Qian et al. (2024)
and Luo et al. (2024) found that previous student
interactions and student-state information can
improve the estimation of student knowledge.
However, most of these studies mainly focus on

understanding or predicting student knowledge and
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do not clearly explain how this updated knowledge
should be used to select the next learning activity.
Therefore, there is a need for an adaptive learning
approach that connects the changing student
knowledge state with the selection of the next

suitable learning task.

2.2 Knowledge Tracing with Reinforcement

Learning

Recent studies have started connecting Knowledge
Tracing with Reinforcement Learning so that
student knowledge can be used directly when
selecting future learning activities. Fu (2025)
combined Dynamic Knowledge Tracing with
Reinforcement Learning for personalized learning-
path optimization. The model updated student
knowledge and used this information to select
learning tasks. Ozyurt et al. (2025) developed an
exercise recommendation approach that combined
Knowledge Tracing, learning-content information,
and different Reinforcement Learning methods.
Their experiments showed that knowledge
information can support personalized exercise
recommendation. Li et al. (2026) also connected
changing knowledge information with
Reinforcement Learning to improve knowledge-
state adjustment. Zhao et al. (2026) proposed a
personalized learning-path system that combines
Knowledge Tracing with Deep Reinforcement
Learning and considers several learning goals. Dong
and Zhao (2026) also integrated Knowledge Tracing
and Reinforcement Learning within a personalized
educational system. These studies show a growing

connection between student knowledge estimation

and learning decisions.

Recent studies explain how Knowledge Tracing and
Reinforcement Learning can be combined to
provide learning activities based on student needs.
Zhao et al. (2026) used changing student knowledge
with Reinforcement Learning to create personalized

learning paths, but their model has many parts,
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making it difficult to study each reward factor
separately. Li et al. (2026) used Reinforcement
Learning to update student knowledge during
learning, but their main aim was to improve
Knowledge Tracing rather than select the next task
using SAC. Dong and Zhao (2026) connected
student knowledge with learning decisions, but their
work was limited to a particular educational setting.
Fu (2025) used changing student knowledge for task
selection and reported better learning-path results,
but the reward method still needs improvement.
Ozyurt et al. (2025) used student knowledge and
exercise information to select suitable exercises, but
their study mainly covered online mathematics
activities. Overall, these studies suggest that
Knowledge Tracing and Reinforcement Learning
can work together for personalized learning.
However, more research is needed to develop a
model where the changing student knowledge helps
select the next suitable task and the reward considers

performance, knowledge gain, and engagement.

2.3 Reinforcement Learning and Soft Actor-

Critic in Adaptive Learning

Reinforcement Learning is increasingly being used
to select learning activities according to student
progress. Riedmann et al. (2025) reviewed 89
studies and found that Reinforcement Learning has
useful applications in personalized education,
including content selection, learning sequences, and
feedback. However, the review also identified the
need for stronger evaluation and more testing with
real learners. Ruan and Lu (2025) used Deep
Reinforcement Learning to change personalized
learning paths according to student performance and
other learning information. Fu (2025) showed that
Reinforcement Learning can select tasks using an
updated knowledge state. Chunqin and Peixi (2026)
used an Actor-Critic approach for course
recommendation, showing that this family of

methods can be applied in education. Zhao et al.
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(2026)  further demonstrated the use of
Reinforcement Learning for changing learning-path

decisions.

Current research has explored the wuse of
Reinforcement Learning in adaptive education for
different learning decisions. Chunqin and Peixi
(2026) applied an Actor-Critic method for
personalized course recommendation, but their
work did not focus on selecting the next learning
task using Knowledge Tracing. Zhao et al. (2026)
used Reinforcement Learning to change learning
paths based on student progress, although their
method includes several parts and does not mainly
examine SAC. Fu (2025) applied Reinforcement
Learning to select tasks according to changes in
student knowledge, but the study used a simpler
learning and reward method than the proposed SAC
approach. Riedmann et al. (2025) reviewed
Reinforcement Learning in education and reported
its value for personalized learning and adaptive
decisions. However, many existing approaches still
need evaluation with larger datasets and real
students. Ruan and Lu (2025) used current learner
information to adjust learning-path
recommendations, but their method requires
different types of student information that may not
be available in every dataset. Overall,
Reinforcement Learning is becoming useful in
adaptive education, but research directly using Soft
Actor-Critic for selecting the next learning task is
still limited. Therefore, SAC needs to be studied
using the changing student knowledge state and a

reward that represents important learning outcomes.

2.4 Multi-Factor and Multi-Objective Adaptive

Learning

A learning system should not judge the usefulness
of a task only by whether the student answers
correctly. Ruan and Lu (2025) considered
performance, emotion, cognition, and interaction

information while changing personalized learning
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paths. Fu (2025) considered learning performance
and engagement but also reported that its reward
design could be improved. Zhao et al. (2026)
considered several educational goals while
generating learning paths. Yi et al. (2026) developed
an adaptive learning-path approach that considered
immediate learning improvement, wider knowledge
coverage, and changes in learning difficulty. Ozyurt
et al. (2025) also considered cumulative knowledge
improvement when recommending exercises.
Together, these studies indicate that several aspects
of student learning should be considered when

deciding whether a learning activity is useful.

Previous research has examined various learning
factors to enhance adaptive learning for students.
Zhao et al. (2026) incorporated knowledge
development, exploration, and learning difficulties
into learning-path planning; however, their
approach utilized multiple objectives rather than the
three specific factors selected in this study. Yi et al.
(2026) considered learning gain, knowledge
coverage, and difficulty levels when constructing
learning paths, but their work relies on a
reinforcement learning method distinct from SAC.
Ruan and Lu (2025) integrated performance,
emotion, and cognition into learning-related
decision-making; however, this approach requires
extensive student data that may not be available in
every dataset. Fu (2025) took performance and
engagement into account for task selection, yet the
reward mechanism requires further refinement.
Ozurt et al. (2025) included knowledge
improvement and exercise-related information
when recommending appropriate exercises, but they
did not simultaneously evaluate performance,
knowledge gain, and engagement. Overall, prior
research supports the importance of utilizing
multiple learning outcomes. Nevertheless, there
remains a need to investigate a clear reward

mechanism based on student performance,
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knowledge gain, and engagement, and to understand
how these three factors collectively influence SAC-

based next-task selection.

2.5 Artificial Intelligence and Personalized

Adaptive Learning

Personalized adaptive learning aims to provide
learning support according to the needs and progress
of individual students. Hariyanto et al. (2025)
reviewed 142 studies and found that recent adaptive
learning research uses student information to
improve personalization, engagement, and learning
support. Zhang et al. (2024) developed personalized
learning-path recommendation using learning-
process information and Deep Knowledge Tracing.
Ruan and Lu (2025) showed that learning paths can
be changed in real time using learner feedback.
Tong and Ren (2025) combined knowledge and
cognitive information for personalized learning-
path generation. Yi et al. (2026) used changing
learner information to generate adaptive learning
paths. These studies show that personalized learning
is moving from fixed learning sequences toward
learning paths that can change as the student

progresses.

Research in adaptive learning has explored various
methods to provide appropriate learning paths for
students. Yi et al. (2026) utilized dynamic learner
information to construct personalized learning paths
but did not employ SAC as the primary method for
task selection. Tong and Ren (2025) integrated
student data with other learner information to
optimize learning paths, though their approach
required additional data such as cognitive load.
Ruan and Lu (2025) leveraged student feedback to
update learning recommendations during the
learning process, yet their model relied on a wide
range of learner data. Hariyanto et al. (2025)
discussed the role of Al-based methods in
personalization, student engagement, and adaptive

education, while also highlighting challenges
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related to evaluation and practical implementation.
Zhang et al. (2024) utilized learning-process
information and knowledge tracing for personalized
learning paths, but their work did not investigate
SAC or the proposed three-component reward
mechanism. Overall, these studies establish a solid
foundation for personalized and adaptive learning.
However, there remains a need for a clear
framework that integrates evolving student
knowledge, adaptive task selection, educational
rewards, and updated learning decisions into a

quantifiable learning process.

2.6 Overall Findings and Difference of the Study
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The reviewed literature shows that recent research
has made important progress in understanding
changing student knowledge, using Knowledge
Tracing for learner modelling, applying
Reinforcement Learning to educational decisions,
and developing personalized learning paths.
Knowledge Tracing can provide an updated view of
what a student knows, while Reinforcement
Learning can use this information to select future
learning activities. Recent studies have also shown
that considering several learning outcomes can
provide a better basis for adaptive decisions than

using only correct and incorrect answers.

Table 1: Summary of Research Gaps Identified from the Literature and the Direction of the Present Study

previous interactions.

Area What Current Research | Remaining Gap Direction of Present Research
Provides

Knowledge Estimates changing | Mainly predicts knowledge; does not | Use the changing knowledge state for

Tracing student knowledge from | itself select the next task. task selection.

learning outcomes.

KT + | Connects student | Reward design and clear educational | Connect Knowledge Tracing directly
Reinforcement knowledge with learning | objectives require further study. with SAC-based task selection.
Learning decisions.
Reinforcement Supports repeated and | Direct educational use of SAC for next- | Study Soft Actor-Critic as the main
Learning personalized learning | task selection remains limited. adaptive learning agent.

decisions.
Multi-Objective Shows the wvalue of | The combined effect of performance, | Build and test a reward using these three
Learning considering several | knowledge gain, and engagement needs | factors.

focused evaluation.

Personalized Provides learning | Complete

frameworks  connecting | Develop an adaptive learning process
Adaptive Learning | activities according to | knowledge change, task selection, and | that continuously updates student
learner needs and | reward evaluation remain an active | knowledge and recommendations.

progress. research need.

The main research gap identified from these
categories is the need for a clear adaptive learning
approach that connects a student's changing
knowledge state with Soft Actor-Critic-based next-
task selection and a multi-objective reward based on
performance, knowledge gain, and engagement.
Therefore, the proposed research, “Adaptive

Learning Using Soft Actor-Critic with Multi-

Objective Reward Optimization,” will use
Knowledge Tracing to estimate the changing student
knowledge state. This information will be provided
to the SAC agent to select the next learning task.
After the student responds, performance, knowledge
gain, and engagement will be used to calculate the
reward. The updated student knowledge and

learning results will then support the next task
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decision. The proposed model will also be compared
with suitable baseline methods and evaluated for

students with different starting knowledge levels.
3. RESEARCH GAP

Based on the review of recent studies, the following

major research gaps have been identified:

1. Existing methods do not effectively use
students’ changing knowledge levels to select

suitable learning tasks.

Knowledge tracing methods can estimate how
student knowledge changes over time, and recent
studies have started combining Knowledge Tracing
with Reinforcement Learning. However, there is
still a need for a clear framework where the
changing knowledge state of a student is directly
used to select the most suitable next learning
activity. The updated knowledge state can provide
useful information about the student's current
learning needs. This information can help the system
decide whether the student needs practice, revision,
or a more challenging task. The next activity should
change as the student's knowledge improves. This
connection can make task selection more suitable

for individual students.
2. Limited Multi-Objective Reward Design

Many reinforcement learning-based educational
systems use relatively simple reward functions. A
reward based mainly on correctness or immediate
performance may not fully represent actual student
learning. There is a need to design and evaluate a
reward function that considers student performance,
knowledge gain, and engagement together. These
three factors represent different parts of the learning
process. Performance shows how well the student
completes a task, while knowledge gain shows
improvement after learning. Engagement indicates
how actively the student takes part in the learning

activity. Considering these factors together may
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provide a better way to evaluate the value of a

selected task.

3. Need for Knowledge-Level-Aware

Personalized Learning

Students with Low, Medium, and High knowledge
levels may require different types and difficulty
levels of learning activities. However, the
effectiveness of an adaptive policy should be studied
separately for different learner groups rather than
reporting only one overall result. Recent research
also emphasizes dynamically adapting learning
paths according to evolving student knowledge.
Students with different starting knowledge levels
may respond differently to the same learning
activity. Therefore, separate evaluation can help
understand how the model works for each student
group. It can also show whether the selected tasks
match the student's current learning needs. This can
provide a clearer understanding of personalized
learning for students with different knowledge

levels.

4. Need for Strong Evaluation and Comparison

of Reinforcement Learning Models

Existing educational RL research still has
limitations related to evaluation methods, baseline
comparisons, statistical testing, and large-scale
testing with real learners. Therefore, a proposed
SAC-based adaptive model should be compared
with suitable methods such as DQN, PPO, A2C,
rule-based recommendation, and Knowledge
Tracing without RL using multiple educational
evaluation measures. Such comparisons can show
whether SAC provides better learning decisions
than other methods. Using different evaluation
measures can provide a more complete view of
model performance. The comparison can also
identify the strengths and limitations of each

method. This will help determine whether the
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proposed model provides meaningful improvement

over existing approaches.

5. Limited Study of an Interpretable Knowledge-

Level-Aware SAC Framework

Recent studies already combine Knowledge
Tracing, Reinforcement Learning, and multiple
learning objectives, so simply combining these
techniques cannot be considered a sufficient
research gap. There is still scope to study a simpler
and more interpretable framework in which the
learner's changing knowledge state guides Soft
Actor-Critic-based task selection, while the separate
effects of performance, knowledge gain, and
engagement are clearly evaluated. A clear
framework can help explain how student knowledge
is used when selecting the next learning task. It can
also show how each reward factor affects the
decisions made by the SAC model. Studying these
factors separately can provide a better understanding
of their role in adaptive learning. This can make the

results easier to understand, compare, and evaluate.
4. Research Methodology

The methodology of this study was designed in two
phases. The first phase focused on the analysis of
multiple educational datasets to understand different
types of student information and identify a suitable
dataset for further adaptive learning research. Five
educational datasets were considered: the College
Student Behavioral Dataset, EdNet-KT1, Learning
Preferences Dataset, AI Course Performance
Dataset, and SPHERE Dataset. These datasets
provide different forms of information, including
academic performance, student behavior, learning
preferences, assessment results, and sequential
learning interactions. Each dataset was examined
separately because the available features and the
meaning of student performance were different

across the datasets.

4.1 Data Preprocessing and Feature Selection
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The datasets were first examined for their structure,
available features, missing values, duplicate
records, and data types. Data cleaning was
performed according to the requirements of each
dataset rather than applying the same cleaning
method to all datasets. Relevant features were then
selected for student analysis. Academic measures
such as GPA, course grades, quiz scores, final
examination scores, and test performance were used
where available. For EdNet-KT1, sequential
student-question interactions and official answer
information were used to examine student responses
across learning activities. The Learning Preferences
Dataset was mainly considered for learner-profile
information because its available features do not

provide a direct measure of student knowledge.
4.2 Dataset-Specific Student Analysis

A dataset-specific approach was used to represent
student performance because the five datasets
contain different educational information. In the
College Student Behavioral Dataset, academic
information such as GPA and course grades was
used. The AI Course Performance Dataset used quiz
and final-examination information, while the
SPHERE Dataset used final-test performance and
other learner attributes. EdNet-KT1 was analyzed
using sequential student-question interactions and
answer correctness. The Learning Preferences
Dataset was treated mainly as a source of learner-
profile information rather than as direct evidence of
knowledge. This approach avoided using one
common score for datasets that measure different

aspects of student learning.
4.3 Student Group Classification

Where a suitable student performance or knowledge
score was available, students were divided into Low,
Medium, and High groups using rank-based tertile
classification. This method was used to create

comparable groups for descriptive analysis.
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Therefore, the nearly equal number of students in
the three groups is a result of the classification
method and should not be interpreted as the natural
distribution of student knowledge in the population.
These groups represent the students' observed
performance in the completed analysis and are not

considered permanent knowledge states.

4.4 Descriptive and Comparative Analysis

Descriptive analysis was performed to understand
the distribution of student scores and other
important educational features within each dataset.
The Low, Medium, and High groups were compared
to examine differences in student performance and
related learning information. The datasets were also
compared according to their size, available features,
type of educational information, and suitability for
further adaptive learning research. This comparison
showed that each dataset contributes a different type
of information and that a single dataset cannot
represent every aspect of student learning.

4.4.1 Comparative Summary of the Five Datasets
Table 2 presents the number of students, number of

columns, and the Low, Medium, and High group
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classification step described in Section 4.3. The
number of students analyzed ranged from 144 in the
Learning Preferences Dataset to 5,000 in EdNet-
KT1, showing a large difference in scale among the
five datasets (Figure 3).

Table 3 presents the mean, standard deviation,
minimum, and maximum knowledge or
performance score obtained for each dataset, where
such a score was available. The College Student
Behavioral Dataset recorded the highest mean score
(0.7831), followed by EdNet-KT1 (0.6177) and
SPHERE (0.5751), while the Learning Preferences
Dataset recorded the lowest mean score (0.1891),
consistent with its use of a provisional, age-based
proxy rather than a direct performance measure
(Figure 4). A mean score for the Al Course
Performance Dataset was not available in the saved
output and is therefore not included in this
comparison.

These results support the observation in Section 4.4
that each dataset contributes a different type of
educational information, and that no single dataset

was sufficient to represent every aspect of student

learning required for the proposed research.

sizes obtained for

each dataset

after the

Table 2: Dataset Summary

Dataset Students Columns Low Medium High
College Student Behavioral 1,439 17 480 479 480
EdNet-KT1 5,000 Not reported 1,667 1,666 1,667
Learning Preferences 144 106 48 48 48
Al Course Performance 410 16 137 136 137
SPHERE 497 335 166 165 166
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Number of Students Analyzed per Dataset
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Mean Knowledge Score by Dataset
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Figure 4: Mean Knowledge Score by Dataset
4.5 Selection of EdNet-KT1 for Sequential Modelling

Among the five datasets, EANet-KT1 was selected for the next stage of the research because it provides detailed
sequential learning interactions. The analyzed EdNet-KT1 data contains 5,000 students and 6,225,147 interaction
records, with official answer information available for all analyzed interactions. Unlike datasets that mainly
provide final academic or assessment results, EdNet-KT1 records a sequence of student-question interactions.
This makes it suitable for studying how student knowledge changes over time and for developing a model that

can use previous interactions when selecting future learning activities.
4.6 Proposed Adaptive Learning Framework

Based on the multi-dataset analysis and findings from the reviewed literature, the next phase proposes an adaptive
learning framework using Knowledge Tracing and Soft Actor-Critic. Knowledge Tracing will estimate the
changing knowledge state of a student from sequential interactions in EdNet-KT1. The estimated knowledge

state, together with relevant learning information, will form the learner state provided to the SAC agent. The SAC
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agent will use this state to select the next suitable learning task. After the student attempts the selected task, the

response will be used to update the knowledge state and calculate a multi-objective reward.

The proposed reward will consider three main factors: student performance, knowledge gain, and engagement.
Different combinations and levels of importance for these factors will be examined to understand their effect on
task selection. The SAC-based approach will later be compared with suitable baseline methods, including
Knowledge Tracing without Reinforcement Learning, DQN, PPO, and A2C. Single-objective and multi-objective
reward methods will also be compared. The proposed model will further be evaluated for students with different
starting knowledge levels. Since the proposed SAC model has not yet been trained and experimentally evaluated,

this stage represents the planned methodology rather than completed experimental results.
4.7 Methodology Flow

The overall methodology follows a step-by-step process from multi-dataset analysis to the proposed adaptive
learning framework. The flow presents both the completed student data analysis and the proposed use of

Knowledge Tracing, Soft Actor-Critic, and Multi-Objective Reward Optimization for adaptive learning.

Dataset f ) f SAC-Based )
Pre;l))aiiion Analysis & Ii/ln(())(?élﬁgl%; Task
Selection L ) Selection
( ] Student
R%W?iﬁe& Interaction &
L p ) Feedback

Figure 1: Methodology Flow of the Proposed Adaptive Learning Framework
6. DISCUSSION complete answer information. Based on these

findings, the next stage will develop an adaptive
The reviewed studies show important progress in . ) o

learning framework using Soft Actor-Critic with
student knowledge modelling, personalized o o

Multi-Objective Reward Optimization. Knowledge
learning, and learning-path recommendation. . .

Tracing will update the student’s knowledge state
Knowledge tracing estimates changes in student . . .

after each interaction, and SAC will use the updated
knowledge, while Reinforcement Learning supports . .

state to select the next suitable learning task. The
the selection of suitable learning activities. . )

reward will combine student performance,
However, important gaps remain, as many ]

knowledge gain, and engagement. The proposed
approaches use limited reward measures or mainly ) i .

approach will be compared with Knowledge Tracing
focus on student performance. The combined use of . . )

without Reinforcement Learning, DQN, PPO, A2C,
student performance, knowledge gain, and . L i

and single-objective reward methods. It will also be
engagement, along with SAC-based task selection ) )

evaluated for different starting knowledge levels,
using a changing knowledge state, requires further . . . .

with the long-term aim of continuously adapting
study. The analysis of five educational datasets ) o

learning activities to each student’s progress and
provides a foundation for addressing these gaps. d

needs.
Among them, EdNet-KT1 is suitable for the next
7. CONCLUSION

stage because the analyzed data contains 5,000

students and 6,225,147 sequential interactions with
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This study provides a data-based foundation for the
proposed Adaptive Learning Using Soft Actor-
Critic with Multi-Objective Reward Optimization.
In the completed first phase, five educational
datasets were analyzed to study student knowledge,
performance, behavior, learning preferences, and
sequential interactions. These included 1,439
students from the College Student Behavioral
Dataset, 5,000 from EdNet-KT1, 144 records from
the Learning Preferences Dataset, 410 students from
the AI Course Performance Dataset, and 497
students from the SPHERE Dataset. Students were
classified into Low, Medium, and High groups using
rank-based tertile classification; therefore, the
nearly equal group sizes result from the
classification method rather than the natural
distribution of knowledge levels. The datasets
provide different educational information. The
College  Student  Behavioral, AI  Course
Performance, and SPHERE datasets provide
academic performance information, while the
Learning Preferences Dataset mainly provides
learner-profile information. Among these datasets,
EdNet-KT1 provides the strongest basis for
sequential modelling, with 5,000 students and
6,225,147 interactions and complete answer

metadata.

Based on these findings, the next phase will use
Knowledge Tracing to estimate students’ changing
knowledge states. This learner state will be provided
to a Soft Actor-Critic (SAC) agent for adaptive
learning task selection. A multi-objective reward
combining student performance, knowledge gain,
and engagement will guide task selection and
support the learning process. The proposed model
will be compared with suitable baseline approaches
and evaluated across different learner groups. Since
SAC training and evaluation have not yet been
completed, no experimental performance claim is

made at this stage. Overall, the completed analysis

International Journal of Computer Science Trends and Technology (IJCST) — Volume 14 Issue 5, Sep-Oct 2026

provides a foundation for connecting changing
student knowledge with SAC-based adaptive task
selection and multi-objective reward optimization,
allowing future learning tasks to be selected
according to students’ changing learning needs and

progress.
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