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Abstract. Personalized learning paths have become a promising instructional
strategy in online learning, as they can cater to individual learners' needs and
preferences. However, creating effective personalized learning paths is a com-
plex task due to the high degree of variability in learners' characteristics, behav-
iors, and learning contexts. Existing recommendation methods do not adequately
address this challenge, as they do not work effectively in dynamic environments.
This paper tries to address this gap by proposing a personalized learning path
recommendation system using a contextual multi-armed bandit approach to offer
a student an optimal learning sequence and provide the student with a modified
sequence when re-planning is required.

Keywords: Multi-Armed bandit (MAB) algorithms, knowledge components
(KC), adaptive learning, exploration and exploitation, personalized learning.

1 Introduction

The effectiveness of traditional one-size-fits-all approaches to course designing has
been a subject of debate due to their limited ability to address the diverse needs and
interests of learners. However, the advent of personalized learning has introduced a
transformative paradigm that can tailors instruction to match the unique characteristics
of each learner. This approach acknowledges the inherent differences among learners,
including their backgrounds, learning strategies, and preferences, emphasizing the im-
portance of providing personalized learning paths to help them achieve their learning
goals more efficiently. Personalized learning involves the customization of learning
trajectories, which consist of carefully selected sequences of learning activities and re-
sources, designed to facilitate learners in attaining their specific educational goals
[1].These tailored trajectories act as individualized roadmaps, guiding learners through
a set of activities that have been specifically adapted to address their distinct needs and
aspirations. Achieving this level of customization in learning trajectories requires an
in-depth understanding of learners' characteristics, encompassing their prior



2
L. M. D. Nguyen et al.

knowledge, areas of interest, and preferred modalities of learning, in order to effectively
improve the learning experience and optimize learning outcomes[2].

Our research proposes a contextual multi-armed bandit (MAB) approach for personal-
ized learning path recommendation in the domain of online education. The contextual
bandits approach, also referred to as associative Reinforcement Learning[3], is an iter-
ative process. An agent at every time step receives a context vector generated by the
environment and selects an option from the set of choices (which are referred to as
“arm”). Each selected arm is associated with a stochastic reward that the environment
reveals to the agent. The primary objective is for the agent to optimize its acquired
rewards over the long term by leveraging the historical data of its previous actions.
We structure our paper into the following sections: Related Work (Section 2 to discuss
recent related research of personalized learning), Research Problem (Section 3 to define
a formalized research problem), Methodology (Section 4 to describe the methods in our
research), Proposed Algorithm (Section 5 to propose algorithms), Experiment &Simu-
lation (Section 6), and Conclusion (Section 7).

2 Related work

The field of personalized learning paths has been extensively researched in recent years.
Various approaches have been proposed to personalize learning paths based on indi-
vidual learners' characteristics, behaviors, and learning contexts. According to [4],
those approaches can be categorized into two main types: Course Generation and
Course Sequence. Course Generation (CG) approaches involve generating and recom-
mending the entire learning path to a user in a single recommendation. In this approach,
the user is presented with a complete set of learning content and activities to follow to
learn a course. The evaluation of the learning path effectiveness occurs only after the
completion of the entire path, rather than at each step along the way. In CG approaches,
Shi et al[5] proposed a graph traversal algorithm in their paper to generate all paths
considering the students’ learning objectives and learning need and recommending the
one with the highest score. Niknam et al. [6] proposed Ant Colony Optimization algo-
rithm, combined with Fuzzy C-Mean Cluster algorithm to select a path for a cluster of
learners based on their prior knowledge. While Course Generation methods are com-
monly used by researchers to generate personalized learning paths, they are associated
with several limitations. One of the major drawbacks of this approach is that it often
fails to account for changes that may occur during the learning process, such as a user's
evolving skills, interests, or preferences. Consequently, learners may be at risk of re-
ceiving an inappropriate or unmanageable learning path, leading to inefficiencies or
disengagement. Another challenge is the potential for CG methods to become slow
when presented with a large amount of data, such as a high volume of learning objects
or user profiles. This sluggishness can negatively impact the user experience, as it may
take too long to generate a personalized learning path or respond to the learner's needs
in a timely manner. In contrast to the CG approach, Course Sequence (CS) methods
suggest personalized learning paths to users one step at a time, considering their current
progress and performance. This method allows for ongoing evaluation and adaptation
of the learning path, ensuring that users are not overwhelmed by information and can
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focus on mastering one concept at a time. By dynamically adjusting the learning path
as a user progresses, CS methods are better able to accommodate changes in users' per-
formance and adapt to their unique learning needs. Xu et al. [7] proposed Naive Bayes
algorithm, combined with KNN to recommend an optimized learning objective to a
student. Cai et al. [8] proposed a Reinforcement Learning based method, combined with
Neural Network and Knowledge Tracing Model (KTM) to recommend the most suita-
ble learning path based on the specific knowledge points and the individual learner's
needs throughout the entire learning journey. The study of Cai et al. (2019), however,
posts some limitations [8]. It does not address dependencies and constraints among
learning modules. In addition, the proposed method is not efficient in online learning,
as the reinforcement-learning model can only be trained after the training of the
knowledge tracing model is completed. Lastly, there is no handling of altering or ad-
justing the recommended learning path once required.

Although the field of learning path personalization has seen significant attention from
researchers, a number of challenges and limitations still persist. First and foremost, it
is essential to consider the learners' time constraints when designing personalized learn-
ing paths. Time is a valuable resource for learners, and an effective learning path per-
sonalization method should consider learners' schedules to optimize their learning out-
comes. Another challenge in learning path personalization is scalability. Designing
methods that can handle large-scale datasets is a complex problem that has only been
addressed by a few studies in the literature. Scalability is critical to the success of per-
sonalized learning, as the method must be able to efficiently process and respond to
large amounts of data to maintain learners' engagement. In addition, learners' profiles
should be regularly updated to reflect changes in their responses and learning progress.
This requires the learning path personalization method to adapt to the learners' changing
needs and provide them with the most appropriate learning content. Evaluation is also
a significant challenge in learning path personalization methods. The lack of a general
evaluation framework makes it difficult to compare different methods, and a reliable
evaluation framework should include guidelines for data sources and principles to en-
sure a consistent and accurate evaluation. The ability to update the learning sequence
actively and dynamically, when one or more student’s surrounding factors alter is an-
other challenge. Finally, recommender systems play a crucial role in adaptive learning
by predicting student preferences. However, they face the exploration-exploitation di-
lemma when making recommendations. They must balance exploiting their knowledge
about the content chosen by previous students with exploring new materials that may
be better suited to the current student's needs.

Reinforcement learning (RL) has been utilized to create effective and adaptable peda-
gogical policies. Recently, there has been a growing interest in the use of MAB algo-
rithms for adaptive learning. MAB algorithms fall under the broader category of RL
and are named after the problem faced by a gambler who must decide which arm of a
K-slot machine to pull in order to maximize their total reward in a series of trials. These
algorithms can navigate exploration-exploitation trade-offs and make sequential deci-
sions under uncertain conditions. They have been employed in real-world applications
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to solve optimization problems, such as experimental design and website optimization.
As MAB algorithms actively select which data to receive and analyze in real-time, they
lend themselves naturally to the problem of eliciting adaptive sequences of content and
assessment in adaptive learning environments[9]. The multi-armed bandit framework
has the potential to address the challenge faced by many applications when no prior
information is available, especially for large-scale recommender systems. Their contin-
uous exploration approach can also help address the cold start problem in recommender
systems.

Although some initial, isolated, or purely theoretical research has been conducted on
using MAB to elicit sequences for adaptive learning, there are still many questions that
need to be answered. For example, due to the complexity of adaptive learning, standard
MAB models cannot be directly applied. When an MAB-based adaptive engine makes
sequential decisions to optimize learning, how does it define rewards? Which metrics
should be optimized? Which algorithm of the MAB family in what parameter settings,
would be best for a particular sequencing problem in adaptive online learning?

To our knowledge, none of the proposed algorithms have adequately addressed the
challenges associated with the learning sequence recommendation problem. Another
consideration is the contextual bandit algorithm, which is an extension of the MAB
approach used to discover which actions are effective in specific contexts. Xu et al. [10]
used a contextual bandit approach to recommend entire sequences of courses within a
program, rather than sequencing knowledge components in an online course. In their
work, courses were planning elements with fixed completion times. The work did not
address knowledge component sequencing within individual courses. Additionally, af-
ter recommending a whole sequence to complete a degree, the sequence could not be
altered. We recognize that one of the drawbacks of recommending an entire KC learn-
ing path to a learner is that it ignores the learner's actualized learning performance and
the context changes that occur during the learning process. As a result, the learner may
waste time by receiving a path that may not be optimal.

In the next section, we will formally define the research problem, followed by our pro-
posed methodology and algorithm.

3 Research Problems

MAB algorithm is a subset of RL algorithm, and contextual MAB (CMAB) is an ex-
tension of the MAB approach where environment contexts are factored in. MAB (or
CMAB) approach is different from the general RL approach in that MAB is for solving
a stateless Markov Decision Process (MDP) problem, where all the states (observa-
tions) are independent, and the agent gets a reward immediately after choosing an ac-
tion. In order to fit the adaptive sequence learning problem into CMAB approach, we
have the option to follow the CG approach (i.e... generate entire learning path). How-
ever, due to the disadvantage of CG approach, we give favors to the CS approach. It is
a challenge to creatively model our problem to fit CMAB in the CS approach. Another
challenge is that even when our problem is well modelled, the standard CMAB
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approach does not well support re-planning (i.e., the current recommended learning
module failed to fit a student’s current competency, and a new different learning mod-
ule should be recommended). For this challenge, Wacharanwan et al. in their research
[11] proposed applying correlation analysis in CMAB approach. It recommends the
closest learning path having the highest rank of correlation measurement. However, the
approach is not effective as the learning problem is non-stationary [11]. Before we dis-
cuss further, we first consider how we are going to model our learning problem.

There are many ways to model a modular content hierarchy. Duval and Hodgins [12]
introduced the content hierarchy consisting of 5 levels: Course, Lesson, Learning Ob-
ject, Raw Content, and Information Object. Nabizadeh et al in their research paper [4]
suggested another level named Topic. Referencing these articles, we modeled our
knowledge domain into two levels: Course and Knowledge Component (KC). A course
is composed of a few learning units, each learning unit covers a concept. A KC is a
learning unit, and a Course is composed by few KCs. Some KCs are the prerequisites
in order to learn other KCs. Some KCs can be exchangeable or other KCs.

4 Methodologies

We can model a course domain as a KC AND-OR graph where each node in the graph
presents a knowledge component. A KC AND-OR graph represents the search space
for solving the problem in “Goal”. We can define the root node “Goal” as the initial

problem and every other node is a sub-problem.

Fig. 1A KC AND-OR graph sample.

In Figure 1, we use goal-reduction methods to break down the graph:

GOALifKC4andKC2
KC4ifKC1orKC3

The KCs are modeled as a knowledge structure in Knowledge Space Theory (KST)
[13]. To this end, the domain experts first identify the set of KCs for a course. After
that, the domain experts specify the prerequisite relations among the KCs.

A learning path is also called a policy or a learning sequence. Formally, the set of KCs
in a course is denoted as list (KC) = {KC;,KC,, ..., KC,}, where 7 is the total number
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of the KCs of the course. For example in Figure 1, the possible learning sequences are
{{KC1 - KC, -» KC,},{KC, » KC, - KC,},{KC; » KC, » KC,},{KC, » KC; —
KC,}}. The contextual multi-armed bandit algorithm is an extension of the classical
multi-armed bandit algorithm[14] that considers the context in which the decisions are
made. In the CMAB problem, besides the observed rewards, the agent also considers
the additional information received about the context to make the decision. The context
can be thought of as a set of features that describe the state of the system, and the ob-
jective is to learn a policy that maps the context to the best action to take.

5. The Proposed Algorithms

We propose a contextual multi-armed bandit algorithm for recommending the next KC
for learners to learn based on two types of context information as follows.
e The similar profile, characteristics, and backgrounds of past learners
e  The current situation of learners in the course. Current situation of learners
can be seen as the current completion status of the KCs

Let’s denote fgkto be k global features that are included in the first type of context. fgk S
[0, 1]% is a binary feature matrix of fixed dimensionality &.

Let’s denote f;} to bel per-arm (per selection) features that are included in the second
type of context. f! € [0,1]' is a binary feature matrix of fixed dimensionalityl,
where [ = 2n.

Each KC is presented by two binary features: 1- If KC is taken and 2- If KC is com-
pleted (i.e., passed/failed)

1<i <nlKC; = [ fgki ; fall] - KC feature matrix presenting both global features and
per-arm features for each of KC (a horizontal concatenating matrix)

There are a fixed number of arms n in CMAB which are equal to the number of KCs
(each KC presents an arm). At each time step ¢, there are a number ofn, < n possible
arms to select. The n, possible arms are dependent on two factors: 1- the remaining
KCs to complete and 2 — possible KCs from the AND-OR graph to take. If the selected
arm is completed (i.e., the student passes the selected KC), the agent receives a binary
reward of 1; otherwise, 0. Let’s denote f € {0, 1} as the binary reward at time step ¢
for selecting arm i. The KC feature matrix is then updated before the next time step.
The framework that we propose consists of offline and online learning, where offline
learning stores the structure of domain model, student database and policy base [2]. On
the other hand, online learning is the agent using CMAB algorithm to select the next
KC for a learner. Every time a learner puts his/her attempt on a recommended KC,
either he/she can complete or cannot complete the KC, the binary reward and the KC
features are recorded into the student database. We use the binary classification algo-
rithm proposed by David Cortes [15] as black-box oracles for finding the best policy
on observed context and rewards. The contextual Multi-Armed Bandit algorithms have
the dilemma of balancing exploration and exploitation. Some methods have been pro-
posed such as Epsilon-Greedy, UCB, or Thompson Sampling. In this research, we com-
pare three methods by simulating CMAB using logistic regression as black-box oracles.
However, we need to establish baselines for each method first.

Algorithm 1: Epsilon-Greedy
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Input probability p € (0,1], decay rate d € (0,1], oracle f;.,
1: For each successive round t with context x¢ do

2:  With probability (1 —p):

3: Select action a = argmax,, fi., (x*)

4:  Otherwise:

5: Select action a uniformly at random from 1 to k
6: Update p = pxd

7:  Obtain rewardr,!, Add observation {x¢, 7!}

to history for arm a
8:  Update oracle f, with its news history

Algorithm 2: Bootstrapped-UCB

Input number of re-samplesm, percentilep, oracle fl:n,l:m

1: For each successive round t with context x* do

2: Forarmgqin 1 ton do

3 Set 7P = Percentile,{fg1(x%), ..., fum(xD}

4:  Select action a = argmax, 7’

5: Obtain rewardr,!, Add observation {x,r}} to
history for arm a

6: Forre-sample s in 1 tom do
7:  Take bootstrapped re-sample X, 7; from X, 7,
8: Refit fa_s to this re-sample

Algorithm 3: Bootstrapped-TS

Input number of re-samplesm, percentilep, oracle fl:n,l:m
1: For each successive round t with context x* do

2: Forarmgqin 1 ton do

3: Select re-sample s uniformly at random
from 1 tom
3: Set 715 = f, <(x)

5:  Select action a = argmax,7;*
6: Obtain rewardr,!, Add observation {x¢, 7!} to history

forarm a
6: Forre-sample s in 1 tom do
7: Take bootstrapped re-sample X, 7, from X, 7,
8: Refit fa_s to this re-sample

Re-planning in the CMAB: Given the systematic capture of the learner's performance
within the framework of per-arm features, the management of failures assumes signif-
icance, particularly in the context of re-planning. In scenarios necessitating re-
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evaluation and adjustment, the agent's role extends to the discerning recommendation
of the next Knowledge Component, incorporating a nuanced consideration of the fail-
ures attributed to the previously suggested KC. This approach not only ensures a me-
ticulous handling of learning dynamics but also underscores the agent's capacity for
informed decision-making and adaptive planning within the broader educational frame-
work. The integration of failure-aware considerations into the re-planning process
emerges as a pivotal aspect, contributing to the resilience and effectiveness of the learn-
ing algorithm.

6. Experiments and Simulations

In our research, we plan to conduct the incorporation of experiments and simulations.
in assessing the efficacy and performance of the proposed Contextual Multi-Armed
Bandit approach. The experimental design encompasses the deployment of the CMAB
algorithm in diverse educational contexts, involving real-time interactions with learn-
ers. Both experiments and simulations are carried out in the environment context of
course COMP 272 (Data Structures and Algorithms) from Athabasca University. We
especially chose Unit 7 (sorting algorithm) of the course to model the KC spaces.

Fig. 2KC graph of sorting algorithm Unit.

Fig 2 shows the KC graph of 11 sorting algorithms in the unit of the course.

In the experiment, participants will engage with a learning system designed to recom-
mend a KC for their learning at each step, based on their individual background and
performance, and the system will adapt to their progress. On the other hand, the simu-
lation will produce student data and emulate their learning progression within the learn-
ing system. Our primary objective is to assess and compare the performance of the
adaptive learning system across various learning curves using four foundational algo-
rithms: Bootstrapped UCB, Epsilon-Greedy, Bootstrapped TS, and Random Action Se-
lection.

7. Conclusion
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In conclusion, this research highlights the potential of personalized learning paths as a
promising instructional strategy in the realm of online learning. By catering to the
unique needs and preferences of individual learners, personalized learning paths have
the potential to enhance the learning experience and outcomes. However, the complex-
ity of creating effective personalized learning paths arises from the significant variabil-
ity in learners' characteristics, behaviors, and learning context. As is known, existing
recommendation methods have limitations in dealing with the dynamic nature of learn-
ing environments, leading to suboptimal recommendations. To address this gap, our
study proposes a novel approach: a personalized learning path recommendation system
based on a contextual multi-armed bandit framework. This approach aims to overcome
the challenges posed by dynamic learning contexts and adaptively offer students opti-
mal learning sequences. By utilizing the contextual multi-armed bandit approach, the
system can dynamically adjust learning paths based on real-time feedback, ensuring
that students receive the most relevant and suitable content as they progress. This adapt-
ability allows the system to respond to changes in learners' preferences and needs,
providing them with a modified sequence when re-planning is required. Through this
research, we hope to contribute to the advancement of personalized learning in online
education and provide educators and learners with a more effective, and responsive
learning path recommendation system. The findings and insights from this study have
the potential to inform the design of future personalized learning platforms, enhancing
the overall learning experience and promoting better learning outcomes for diverse
learners in various educational settings.
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