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ABSTRACT Advancements in adaptive educational technologies, specifically the adaptive learning system,
have made it possible to automatically optimize the sequencing of the pedagogical instructions according
to the needs of individual learners. The crux of such systems lies in the instructional sequencing policy,
which recommends personalized learning material based on the learning experiences of the learner to
maximize their learning outcomes. However, limited available information such as cognitive, affective states,
and competence levels of the learners ongoing knowledge points servers critical challenges to optimizing
individual-specific pedagogical instructions in real-time. Moreover, making such decisions policy for every
learner with a unique knowledge profile demands a trade-off between learner current knowledge and
curiosity to learn next knowledge point. To address these challenges, this paper proposes a personalized
adaptability knowledge extraction strategy (PAKES) using cognitive diagnosis and reinforcement learning
(RL). We apply the general diagnostic model to track the current knowledge state of the learners. Subse-
quently, an RL-based Q-learning algorithm is employed to recommend optimal pedagogical instructions for
individuals to meet their learning objectives while maintaining equilibrium among the learner-control and
teaching trajectories. The results indicate that the learning analytics of the proposed framework can fairly
deliver the optimal pedagogical paths for the learners based upon their learning profiles. A 62% learning
progress score was achieved with the pedagogical paths recommended by the PAKES, showing a 20%
improvement compared to the baseline model.

INDEX TERMS Adaptability recommendation, adaptive learning system, knowledge acquisition, Markov
model, general diagnostic models, educational technology.

I. INTRODUCTION
In recent years, educational technologies have gained imme-
diate attention by transforming traditional classroom settings
to an online learning environment such as Khan Academy,
massive online open courses, and knetwon. The main advan-
tage of these learning systems over classroom learning is
the adaptive guideline during the learning trajectories of the
learners. Adaptive learning indicates to assist learners with
personalized instructional sequencing to maximize learning
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progress. The learning system that provides adaptiveness to
the learners to learn as per their learning needs is called
the adaptive learning system (ALS). Implemented through
adaptive algorithms, ALSs lead to personalized instructional
sequencing for individual learning attributes [1]. Contrary
to the traditional ‘‘one-size-fits-all’’ teaching methodology
where a single tutor teaches hundreds of students in a class
with the same pedagogical action [2], [3], the ALS focuses
on providing a personalized learning experience at an indi-
vidual level. Currently, ALSs are employed in multiple edu-
cational institutes worldwide to train students. For instance,
Cognitive Tutor mathematics courses [2] have been used to
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teach around 60,000 students annually, and a similar system
called ASSISTment [3] has been employed to train 6000 stu-
dents annually at various schools. The ALSs use academic
information metrics, such as proficiency level, learning time,
resulting grades, and response time to uncover hidden pat-
terns about the learner and recommend productive learning
activities to optimize the learning outcomes [4].

The core component of ALSs is a pedagogical strategy
with various kinds of tracking models to represent the hidden
knowledge state of the learner and to deliver new learning
actions effectively. Pedagogical strategies are described as
instructional sequencing policies to decide what to recom-
mend in the next step as per ongoing available information
of both the learners and the learning material. In recent
literature, a variety of approaches have been introduced to
design these pedagogical strategies for ALSs by employing
rule-based [5], machine learning (ML)-based [6], and rein-
forcement learning (RL)-based method [7], [8]. In a rule-
based approach, a domain expert defines a teaching sequence
and corresponding learning actions, and the learner acquires
knowledge by following them. The drawbacks associated
with such an approach for designing strategies are its high
cost and domain dependence. The ML models for ALSs
have proven to be a significant development for handling
many students with diversity in a dynamic environment
[9], [10]. The ML models are capable of delivering per-
sonalized learning actions to the learners by analyzing their
learning experiences. However, ML algorithms, such as the
recurrent neural network and long short-term memory, have
some limitations during designing strategies and implemen-
tation for the ALSs, as they require an enormous amount of
knowledge records and high computational overhead. The
significant advances in RL models play a vital role in the
development of intelligent pedagogical strategies because
they have the capability of optimizing the learning gains
of the students within an uncertain environment [11]–[13].
However, it still remains an open issue to empower ALSs to
make recommendations by giving the right to the learners
to explore and review their knowledge structure during the
learning session. Additionally, how to optimize the learning
sequence with limited knowledge about leaner’s cognitive
and affective states while estimating the learner’s onginging
competence level in a specific knowledge point.

One of the emerging research interests in RL-aidedALSs is
to incorporate psychological theories along with RL models
to tackle the existing challenges [14], [15]. Moreover, ALSs
with such hybrid approaches comprise various modules for
adaptive teachings, such as the assessment model, learn-
ing model, and student model. The task of the assessment
model is to question the learners and evaluate their perfor-
mance to predict their knowledge levels. The learning model
receives predictions from the assessment model and develops
a relationship between the learning material and assessment
results. Thereafter, the learning material is delivered to the
learners in accordance with their learning abilities to optimize
learning engagement. Finally, the student model is updated to

reflect the current knowledge levels of the learners. A learn-
ing model that makes possible task recommendations for the
best learning path was proposed in [16].

To enhance the learning outcomes by recommending the
next activity, the learning model integrates the learning mate-
rial with the learners’ proficiency levels. Similarly, the stud-
ies in [17] and [18] on competency-based recommendation
systems cover hybrid approaches to combine data-driven RL
models with psychometric assessment models. Such hybrid
approaches can efficiently track the learner’s knowledge
(performance, experience, and degree of achievement) and
deliver the best learning items. In these recommendation
systems, the assessment model deduces the latent knowledge
states of the learners, and RL models play an essential role
in making the best decision for personalized task selection.
However, the problems of designing an adaptive strategy for
ALSs that involves the dynamic nature of the environment
and customizing the learning path for the learner’s perfor-
mance remain open. Numerous studies on the potential of
ALSs highlight that a robust relationship between student
learning and the learning material is required to develop an
optimal pedagogical strategy [19]. There is a need to deal with
the critical challenge for ALSs to design an optimal strategy
that tracks the learners’ ongoing knowledge proficiency in an
online fashion and recommends the learning material as per
the learner’s psychological needs while considering limited
cognitive and affective state information.

In this paper, a personalized adaptability knowledge
extraction strategy (PAKES) is proposed for adaptive
assessment and personalization in ALSs to address the
aforementioned open research issues. The term adaptability
in learning analytics and educational systems refers to pro-
viding learners with a choice to personalize their learning
materials according to their learning styles, leading toward
more learner control [20]. We summarize the contributions
of this paper as follows:
• To detect the learners’ effective knowledge states
and recommend suitable learning materials to achieve
intrinsic cognitive learning improvements. The pro-
posed framework incorporates cognitive psychology and
RL-induced policies for optimal learning path recom-
mendations using the Markov decision process (MDP).

• For the proposed system, a general cognitive model is
used to predict the hidden knowledge states of the learn-
ers to provide ongoing personalized expectations during
learning sessions to enhance the learning progress even
when restricted information is provided.

• To deliver the best instructional sequencing correspond-
ing to the learners’ exclusive knowledge attributes esti-
mation, an RL-based Q-learning algorithm is employed.

• To improve the learners’ engagement and effective edu-
cation, the adaptability concept has been utilized to
achieve a balance between learner control and system
teaching control.

• Experiments reveal that the proposed system PAKES
outperforms the traditional approaches by making it
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possible for each learner to learn at their own pace,
choice, and intrinsic desire for learning even there is a
new student with limited information. Hence, it indi-
cates that the above-average learners can learn as per
their desire without wasting time, while below-average
learners can continuously work to reach a higher level
with motivation.

The rest of the paper is organized as follows: Section II
presents an overview of the empirical study of the related
work. The proposed PAKES algorithm, along with the sys-
tematic mechanism, is described in Section III. Section IV
demonstrates the experiment analysis to investigate the per-
formance of the proposed framework. Finally, Section V con-
cludes this article and discusses possible future avenues.

II. RELATED RESEARCH WORK
This section presents an overview of the relevant empirical
studies on ALSs in artificial intelligence in education. Recent
work addressing ML techniques, including RL approaches
and content related to cognitive assessment models, are
briefly discussed.

In the literature, several approaches to design personalized
ALSs have been presented that aim to recommend learning
paths to improve the overall learning outcomes of the learn-
ers. A comprehensive study on ALSs was presented in [21],
where the authors classified the ALSs into five clusters based
on RL approaches. The authors designate that RL-induced
instructional sequencing proves successful when a combi-
nation of learning science and cognitive psychology theo-
ries is employed. Such a classification suggests integrating
data-driven and theory-driven methods in ALSs for optimal
learning instructions.

One study [22] reported an adaptive teaching algorithm for
ALSs called the plain vanilla strategy. The strategy infers the
mastery and nonmastery knowledge level of the learners for
suitable learning path recommendations. The plain vanilla
system encodes the understanding of the students for an
inquiry to the probability of success to predict whether they
have mastered specific knowledge components. The goal of
the plain vanilla strategy is to optimize the objective function
that estimates the entire gain of the learning process using a
multi-armed bandit (MAB) framework with the Gittins index
approach. Extensive research has been conducted to employ
MAB for ALSs, including the contextual bandit [23] and
adversarial bandit [24]–[28]. The Gittins index is one of the
most primitive methods to understand the MAB problem and
only proves promising when no assessment error exists and
the skills are independent of each other in the ALS [29].
An adaptive oracle strategy was proposed in [29], where
the information of the transition model is considered to be
unknown for the learner, similar to a real-world practice.
In particular, an RL model is employed to design optimal
pedagogical policies rather than the Gittins index. The oracle
strategy uses a dynamic cognitive diagnostic model and a
Q-learning algorithm to track the hidden knowledge states

of the learners and estimate the effectiveness of the learn-
ing material on knowledge and skill, respectively. However,
a critical limitation in the oracle strategy is not considering
earlier stopping with the fixed time horizon, which does not
make it feasible for fast learners [30]. Therefore, fast learners
must wait for the entire trajectory, leading to a source of
frustration for the learners. Moreover, the assessment design
in the oracle strategy merely uses one point of information to
estimate the knowledge profiles of the learners.

Several novel instructional strategies for the ALS that
incorporate deep RL approaches with cognitive assessment
models have been proposed [30], [31]. The deep Q-network
(DQN) recommendation strategy uses a deep Q-learning
algorithm to design the optimal learning paths. In particular,
a feed-forward neural network was employed to generate
an adaptive learning design by approximating the objective
function values to optimize sequential policies [30]. Thework
in [31] further extended the DQN recommendation strategy
presented in [30] with a policy network and introduces a
new predictive model for inferring the learner’s learning
curiosity. The system stores student learning experiences and
then employs a feed-forward neural network to predict a
curiosity reward. The key issue with such a curiosity-driven
recommendation strategy (CDRS) is that it requires a spe-
cific amount of the learning experience data of students
to make an accurate recommendation that is only possible
during a long session of interaction with the ALS. During
initialization, a lack of a sufficient amount of data in the
CDRS leads to low-performance decisions. This discourages
the learners during their interaction with the system, thus
leading to the abandonment of the system by the learners [32].
Various studies demonstrate that accuracy in the estimation
of latent knowledge states affects the performance of the
recommended strategies [33], [34].

In ALSs, designing adequate learning material is insuf-
ficient for the best learning path recommendations [35].
The best assessment model is required to evaluate
individual-specific knowledge levels and needs [36], [37].
An excellent assessment model serves as an integral part
of the ALS by inferring the hidden learning capabilities of
the students within specific knowledge points. Therefore,
it is vital to develop an active instructional policy for ALSs
that can be applied to accommodate the learners’ needs on
knowledge points over time. The main challenge faced in
tracking the knowledge competencies of the learners is that
a predictive model requires the right amount of information
to assess the potential knowledge states of the learners. Most
of the currently available ALSs use large datasets containing
thousands of learners, which makes it challenging to inte-
grate into a realm where restricted information is obtainable.
To address this problem, we propose a pedagogical strategy
called PAKES that employs a general diagnosticmodel online
to make precise predictions within a finite time and with lim-
ited information. After providing an assessment, it captures
the below-average knowledge competencies of the learners
and recommends the best learning material to promote the
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overall progress during the learning process. The goal of the
PAKES is to enable the ALSs to be robust in any event, even
when less information is accessible.

III. PROPOSED FRAMEWORK
A. SYSTEM MODEL
The PAKES aims to assess the multiple competence levels of
the learners in specific knowledge components and provides
personalized pedagogical instructions to individual learners.
To achieve this goal, PAKES deals with three significant chal-
lenges: (1) the knowledge attributes of the learners change
over time as they progress, (2) the same evaluation method
is not applicable for each learner under study, and (3) cap-
turing the essential information of the learner under study
from the binary responses (yes or no). This section presents
the proposed strategy to optimize the learning schedules by
quantifying the latent attributes of the learners. The proposed
framework integrates an online learning approach and a cog-
nitive measurement model with adaptive psychometric tests
to deal with the aforementioned challenges.

In an ALS, we assume there is a learning course
with knowledge component K and latent concept knowl-
edge states s(t) of the learner. The total states based on
the K knowledge components can be given as S =

{s1(t), s2(t), s3(t), . . . , sK (t)}, within a finite learning time
step t ∈ [0,T ]. The hidden knowledge states of the learner
are unobservable directly, whereas the performance of the
learner corresponding to the knowledge states is observ-
able. Therefore, a knowledge state of the learner is repre-
sented as a sequence of competence levels given as Cs(t) =
(c1s(t), c

2
s(t), c

3
s(t), . . . , c

n
s(t)), where n indicates the total num-

ber of competencies involved in this state. These competen-
cies represent the set of skills and proficiency levels of the
learner. With this central fact, the first step is to estimate the
knowledge state by modeling the degree of proficiency of
the learners. The proposed system conducts adaptive testing
to uncover the knowledge states and captures the neces-
sary knowledge concepts. A general multidimensional adap-
tive (GenMA) model [38] is used as an assessment model to
reveal the learning states of the learner by forecasting learner
performance. This assessment model uses task difficulty with
the required competencies in the corresponding knowledge
components as an adaptive test. During adaptive testing, if the
learner answers the question correctly, cns(t) is equal to 1;
otherwise, it is 0. The adaptive assessment module returns
a list of passed and failed competencies Ĉs(t) = {CP

s(t),C
F
s(t)},

which represent the estimated ability levels of the learner con-
cerning the corresponding knowledge state. Moreover, CP

s(t)
refers to the total passed competencies, and CF

s(t) represents
the failed competencies of the learner. Table 1 presents a
summary of the notation used in this paper. Fig. 1 represents
the overview of the learning path recommendation process
of the proposed system for adaptive learning. The learner
moves into the next succeeding state after learning the rec-
ommended learning material proposed through personalized

TABLE 1. Summary of notations.

learning actions (PLAs), which is depicted as follows:

si(t)
PLA(at )
−−−−→ sj(t + 1),

where si(t) refers to the learner’s ith current state at time t , and
sj(t + 1) indicates the jth next latent knowledge state. Based
on the assessment results of the GenMAmodel, the proposed
system ranks the failed competencies by the learners starting
with the most failed competence on top. The adaptability rec-
ommendation strategy takes suitable action from the action
set to recommend the learning material corresponding to the
current understanding of the individual learners.

In this paper, we formalize the adaptability recommen-
dation learning process as an MDP [39], where the adapt-
ability recommendation strategy works as an intelligent
agent. The adaptability agent interacts with the learners
as a sequential decision-making procedure to optimize the
pedagogical strategy. According to the MDP, the succes-
sor state sj(t + 1) of the learner depends only on the
current state si(t) rather than the entire prior learning
history {s1, s2, s3, . . . , s(i−1)}. In this stochastic process,
when a learner interacts with the system during learning
episodes, the learning records of the learner are gener-
ated as a sequence of estimated competencies, actions, and
rewards {Ĉ1, a(1), r(1), Ĉ2, a(2), r(2), . . . , ˆC(T−1), a(T −1),
r(T − 1), ĈT , a(T ), r(T )}. In each episode, the proposed
system takes action a(t) to recommend the learning materials
corresponding to the instructional policy π (at |st ) = P[A =
at |S = st ]. The learners select the material of their own
choice to master a specific task, and the agent receives a

155126 VOLUME 9, 2021



M. Z. Islam et al.: PAKES: RL-Based PAKES for ALSs

FIGURE 1. Framework for the personalized adaptability-recommendation system: (1) adaptive assessment model GenMA estimates the
knowledge state si (t) by modeling degree of competencies of the learner as Ĉs(t); (2) following the police π the system recommends learning
material by taking action a(t) from personalized learning action space; and (3) after receiving reward r (t) and taking learning actions system
transits the learner into next state sj (t + 1).

reward r(t). The goal is to find the policy value, V π (s) =
Eπ [6T−1

t=1 r(t)] of the recommendation for the unknown state
transition model for individual learners and then maximize
it using the optimal value V π

∗

(s) = max
π

V π [40], [41].To
accomplish this, we integrated a GenMA model with the
Q-learning algorithm to predict the success rate and maxi-
mize the learning gain over time in an uncertain environment.
Moreover, the proposed strategy works in an online fashion
and does not depend on students’ previous learning experi-
ence data to represent knowledge proficiency. Overall, the
goal of the proposed system is to recommend the optimal
personalized action to the learners given the current estimated
knowledge state to increase their learning outcomes on the
following adaptive test. The adaptability recommendation
strategy aims to empower the learners to improve knowledge
competencies while using ALS.

B. Q-LEARNING TECHNIQUE
For a long time, the Q-learning algorithm and its vari-
ants have been proven to be robust RL approaches
to solving the MDP problem in the ML community
[42]–[46]. In addition, Q-learning is an off-policy tech-
nique and applies to running on any scheme in the MDP
framework. In the Q-learning method, a parametric mecha-
nism is used to approximate the Q-function of the current
control strategy. Then, the equivalence principle is applied
to improve the procedure, from which the optimal policy
is selected for the action network. The Q-learning algo-
rithm approximates the value function, and it is defined as
follows:

QN (st , at ) = Qo(st , at )+ α(rt + γ

× max
a
Q′(st+1, a)− Qo(st , at )), (1)

where Qo(st , at ) is the old value, and QN (st , at ) is the newly
calculated value in the Q-table. Moreover α ∈ (0 < α ≤ 1)
is a nonnegative step-size coefficient called the learning rate,
rt is the immediate reward after applying action at in state

st , and γ is the discount factor used to measure the sig-
nificance of the future reward. Finally, Q′(st+1, a) is used
to estimate the optimal value for the successor state. The
Q-table is similar to the lookup table, where rows represent
states, and columns indicate actions. Moreover, it is used to
store state-action pair values called Q-values and updates the
Q-values after training.

C. GENERAL MULTIDIMENSIONAL ADAPTIVE
ASSESSMENT MODEL
The GenMA model is a hybrid adaptive assessment model
that incorporates general diagnostics [47] and multidimen-
sional item response theory model [48], [49]. In [38], the
authors proposed the GenMA by using a general diagnostic
model for partial credit data, which is defined as follow:

Pr(xij|i selects j) = 8(βi +6B
b=1θibqjbdjb) (2)

where Pr(xij) is the probability of the proficiency of learner i,
8 : z→ 1\(1+e−z) is the logistic function, βi represents the
aptitude of learner i, and B is the total number of knowledge
competencies included in the adaptive test. Moreover, θib is
the ability of learner i for the required competence b, and
qjb is the cell (j, b) entry in the Q-matrix. Table 2 represents
the Q-matrix and provides the description of the knowledge
competencies corresponding to Tatsuoka’s fraction subtrac-
tion [50] dataset, and hierarchical knowledge map of the
leading online learning platform, the Khan Academy.1 The
involved competencies in the pedagogical testing are repre-
sented by TRUE , whereas FALSE indicates their absence.
In this paper, an expert-defined Q-matrix with some con-
tribution to extending the number of skills (C = 16) was
used, as depicted in Table 2. The parametric value djb is
the difficulty of the test question j for competence b, which
is well-calibrated using historical data and the Metropolis-
Hastings Robbins-Monro (MH-RM) algorithm [51]. The

1https://www.khanacademy.org/exercisedashboard
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TABLE 2. The q-matrix corresponding to khan academy knowledge map simple addition and Tatsuoka (1984) fraction subtraction dataset with
20 questions and 16 knowledge competencies.

comprehensive overview of the GenMA model at the para-
metric level is depicted in Table 3.

D. SYSTEM MECHANISM FLOWCHART
Fig. 2 presents an overview of the systematic implementa-
tion of the adaptive test generation and evaluation of the
learner performance using the GenMA model. Furthermore,
to cope with the failed competencies of the learner and to
provide choice control for different learning activities, the
adaptive test is updated based on the present performance.
In the proposed mechanism, the learners go through the adap-
tive benchmark assessment method, where their responses
to questions are encoded to the success rate. Each item
in the adaptive test belongs to a specific knowledge com-
ponent that predicts the learners’ knowledge competencies
during the learning sessions that they endeavor to master.
The assessment module asks the next question using several
types of input parametric information, such as the difficulty
of the item, knowledge components, and learner’s knowledge
attributes. Afterward, based on the achievements, the system
promotes the learner to a pedagogical decision-process mod-
ule to recommend learning resources. Based on the ongoing
evaluation, the system identifies the most unsatisfactory skill
for each learner. To improve the overall learning experience,
the system then suggests learningmaterial that corresponds to
the learners’ understanding, needs, and style. The Q-table is
updated corresponding to the knowledge state of the learner,
which represents the individual learning characteristics. The
core components of the proposed system are the GenMA
model and adaptability recommendation modules. Contrary
to the ordinary adaptive tests in the GenMA model, the
maximum number of tasks asked during the test is defined in
advance to avoid the frustration of the learners. In PAKES,
a total of eight questions (j = 8) were chosen during the
adaptive testing using the GenMAmodel to obtain interactive

Algorithm 1 Q-Learning Algorithm for PAKES
Mechanism
Input: Initialization of knowledge profile state (St )
action set A, learning rate α, discount factor γ ,
exploration probability ε
Output: Optimal Q function value
Initialization of weight: Wa(t)
Initialization of Q-table with zeros
while learning do

for t = 0, . . . ,T − 1 do
Estimate competencies Ĉs(t) = {CP

s(t),C
F
s(t)}

using assessment model GenMA
Select an action at ← argmax q(st , at ) with
probability 1− ε and otherwise explore using
system estimation
Recommend learning material (at ) as per
estimated failed competencies CF

s(t)
Learners select material (at ) as per their desire:
Adaptability selection
Transit into next state:
s(t + 1) = 1− (1− s(t))� exp{−ξ.Wa(t)� L

s(t)
a(t)}

Calculate reward r(t):
The qualifying failed competencies becomes
adaptability reward r(t) = Ls(t)a(t)
Calculate Q-value
Q(st , at ) = Q(st , at )+ α(rt + γ

×max
a
Q(st+1, a)− Q(st , at ))

Update Q-table
end

end

information for the prediction rate. The pseudocode of the
PAKES framework for the selection and recommendation of
the optimal material is depicted in Algorithm 1.
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TABLE 3. A detailed description of the GenMA parameters corresponding to the q-matrix simple addition and fraction subtraction test question (Q) along
with competencies (C).

IV. PERFORMANCE EVALUATION AND RESULTS
A. SIMULATION SETUP
We have developed our simulation environment in Python
and R programming language on a computer equipped with
Intel Core i7 processor, 16GB running memory, CPU fre-
quency 3.6GHz 64bit Ubuntu 18.04.5 operating system. The
GenMA model is developed using R based mirt package, the
actor-critic algorithm is build using the PyTorch framework,
and the Q-learning algorithm is built upon Python. As we
mentioned above in III-C we utilized the Tatsuoka’s frac-
tion subtraction [50] dataset with some addition in skill set.
The dataset includes dichotomous responses of 536 school
students over 20 questions, and 5-fold cross-validation was
performed as suggested by authors in [51]. Table 4 enlist
the parameters and their corresponding values used in the
simulation environment.

B. BASELINE MODEL
A robust adaptive learning model [31] was used as a
baseline to compare the effectiveness of the learning path

TABLE 4. Simulation parameters.

recommendations made by the PAKES. In [31], the authors
proposed a CDRS using an RL technique with cognitive diag-
nostic models. The CDRS follows the three-parameter logis-
tic (3PL) model from the multidimensional item response
theory to measure the knowledge state of the learner at the
initial stage. In the later stage, it applies a data-driven RL
actor-critic model [52] to recommend personalized learning
material. For the CDRS, a predictive model is developed
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FIGURE 2. The flowchart illustrates the general flow of the entire system dynamics with the crux of the personalization, assessment
model GenMA and adaptability-recommendation.

using a feed-forward neural network to return a prediction
error. This error serves as a curiosity reward of the learner
to the corresponding knowledge state. Moreover, this curios-
ity reward is used by the RL model to approximate the
objective function and design an optimal recommendation
strategy. After specific iterations of the trajectories of the
learner’s interaction data, the CDRS follows the learner’s
knowledge attributes and recommends adaptive material to
the individual.

C. EVALUATION METRICS
A simple final exam prototype has been employed to measure
the efficacy of the proposed framework for theALS. The eval-
uation setup adopted in this work proceeds identically to the
one defined in [31]. A simple promotion of knowledge com-
petencies is employed as an evaluation metric to compare the
learning path recommendations. A similar evaluation strategy
is employed by several educational institutes to evaluate the

performance of the students [53], [54]. The performance
metrics to evaluate the learning rate of the students is given
as follows:

Lps = 100× s(T ), (3)

where s(T ) refers to the final state of the learner after interac-
tion with ALSs, and Lps indicates the learning progress score
of the learner in this state. The Lps is employed to quantify the
performance gains offered by the PAKES over the baseline
model. The effectiveness of the proposed framework is elabo-
rated using a combination of empirical graphs and parametric
analysis.

D. EXPERIMENT RESULTS
1) PARAMETER EVALUATION
It is important to discuss the role of the transition model
employed in the proposed framework, which specifies the
learning progress of the learners through their learning
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TABLE 5. Learning material and training weights for tutoring individual competencies.

experiences during each episode. Learning materials that
correspond to the action space and their respective weights
(Wa(t)) for all knowledge competencies are defined in Table 5.
The transition model employed in this work follows the
guidelines described in [31] with a slight variation in the eval-
uation parameters. The employed transition model considers
the current knowledge state s(t) and the probability of success
to predict the next knowledge state s(t+1). The probability of
success is defined as the learner’s ability to acquire the next
knowledge state. The proposed framework maximizes the
probability of success for each learner by identifying which
failed competencies the learner should address first by taking
the corresponding adaptability action a(t). The output of the
transition model is written as follows:

s(t + 1) = 1− (1− s(t))� exp{−ξ.Wa(t) � L
s(t)
a(t)}, (4)

where ξ denotes the chi-squared distribution of X2
2 , a random

variable with m degrees of freedom. The value of m speci-
fies the type of learners with different learning profiles and
is used in various transition models for individual learners
[30], [31]. In this work, m = 2 was employed. In addition,

Ls(t)a(t) indicates the acquired failed competencies of the learner
at state s(t) after the learning adaptability recommendation
a(t). From (4), it can be inferred that, at the initial stage, the
learners would feel comfortable and make quick progress,
as their knowledge state is low and they are assigned with
easy initial tasks. However, it becomes more challenging for
the learners in the later stage to progress, as their learning
proficiency is increases, and they struggle to show significant
improvement in learning outcomes [55]. When the learner
transits from one knowledge state to the next, the progress
in the learning proficiency is indicated by (1LP).

To show the efficacy of the proposed framework,
we consider a learner with an initial knowledge state
s(1) = (0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0) along with
a sequence of competencies (Ĉs(1) = 16), as estimated by the
GenMA model. The learners gain knowledge of their failed
and unsatisfactory competencies within finite time episodes
(T = 40). The Q-matrix depicted in Table 2 is employed to
instruct the learners based on their personalized educational
proficiency. An action space A with a total of 20 actions,
constituting 20 learning materials was created to train the
learners. Among the 20 learning materials, four materials
were linked with one correlated knowledge competence, six
materials were linked with two competencies, six materials
were linked with three competencies, and the remaining four
materials relate to four competencies. Learning actions with
knowledge competencies and corresponding k-dimensional
training weights (Wa(t)) are depicted in Table 5. The episodic
learning progress of the learners after interacting with the
proposed framework is calculated using (4). The proposed
PAKES aims to analyze the learners’ educational experiences
and predict the competencies state Ĉs(t) by employing the
GenMA model with test questions (j = 8), and it delivers
the adaptability actions.

We study the performance of the proposed framework
under different parameter settings. Two weighted tuning
parameters (α, γ ) were used to adjust the learning of the
recommending agent in the Q-learning algorithm, as defined
in (2). The values of α and γ , lying between a range of 0.0 to
1.0, were described in the proposed framework in terms of the
learning progress. The parameter α represents the learning of
policies recommended by the proposed framework. The value
of learning rate α depends on the learner’s progress in knowl-
edge attributes from the learning activities. It was employed
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FIGURE 3. System progress with different learning rate values; (a) learning rate = 0.1, (b) learning rate = 0.7,
(c) learning rate = 0.8, (d) learning rate = 0.9.

to determine how much change in the Q-value of the states
(st+1− st ) is useful to accept. A lower learning rate and more
change in the Q-value indicates an easy task for a learner to
progress. The learning rate value α = 0 indicates no learning
for the recommending agent, and α > 0 implies improve-
ment in recommendation policy. In practice, the learning rate
values from 0.1 to 0.9 were adopted. The value α = 1 directs
the recommending agent to ignore the prior knowledge and
just consider the current information, which specifies that no
exploration was done based on prior knowledge. The pro-
posed framework was simulated by varying the learning rate
with the conventionally used values of 0.7 to 0.9. To show the
effect of a lower learning rate, α = 0.1 was also investigated.
The parameter γ indicates the importance of the future reward
for the learner. For the proposed framework, γ = 0 was
employed, which designates that the reward is based only on
the ongoing performance of the learners.

The performance of the proposed PAKES in terms of
episodic learning is depicted in Fig. 3. The system perfor-
mance is evaluated using the above-mentioned parameters.
To analyze the effect of variation in α and the number of
training epochs on the system performance, the proposed
framework was simulated for α = 0.1, 0.7 to 0.9, and
1 to 1000 training epochs. The trend with an increase in
α and the number of training epochs can be perceived

comprehensibly for the episodic learning progress of the
learner, where the learning progress of the learners increases
from 0 to 0.1 as the number of episodes T increases
from 1 to 40. The episodic learning of the proposed system
for α = 0.1 to 0.9 is presented in Fig. 3(a)-(d), respectively.
In Fig. 3(a) with α = 0.1, the value of the learning progress
1LP increases with an increase in the number of episodes.
In addition, the increase in the number of training epochs
results in an increased value of learning progress 1LP after
completion of 40 episodes. However, by employing a lower
α value, the system is prone to errors, as the proposed frame-
work seems to make random recommendations for learning.
In particular, at episode T = 3 to 40, the recommended
learning path at 20 epochs exhibits a higher learning progress
1LP value than 100 epochs. This trend is perceived as an
error, because more training epochs should result in a better
learning rate for the learners. A similar trend can be observed
for T = 3 to 15 and at T = 29, where (1LP) is higher
at 20 epochs, when compared to 1000 epochs. For a higher
value of α = 0.7 to 0.9, the results indicate that the proposed
framework learning path recommendations suggest the best
learning activities to the learners and tend to push them
towards their learning targets. Fig. 3(b) and 3(c) with α =
0.7 and 0.8 illustrate the improvement in the recommenda-
tion policies at different epochs. In particular, the proposed
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FIGURE 4. Comparing temporal difference error for parameter value α = 0.1 and number of epochs; (a) Epoch = 1,20,
100,1000 (b) Epoch = 1 (c) Epoch = 20 (d) Epoch = 100 (e) Epoch = 1000.

framework after training at 20, 100, and 1000 epochs shows
less randomness and fast convergence. However, a similar
trend of errors is dominant, especially for the results for
20 and 100 epochs, where lower epoch numbers exhibit better
learning progress.

To observe the effect of the increased learning rate on the
error, Fig. 3(d) illustrates the episodic learning progress of
the learners at α = 0.9. The analysis depicted in Fig. 3(d)
indicates that, with a higher value of the learning rate α,
the proposed framework fine-tunes its policies for the adapt-
ability of the learning path recommendations. This analysis
demonstrates that, at the very beginning, the proposed frame-
work attempts to learn the hidden attributes of the learner’s
knowledge state to recommend an optimal learning path. This
is the fundamental logic that, at one epoch, the proposed
framework does not recommend the best learning path. The
proposed framework performs better with 1LP = 0.04 for
episode T = 30 at one epoch compared to other results with
different learning rate α values, such as1LP = 0.03− 0.03,
for episode T = 30. Fig. 3(d) shows that the proposed
framework with α = 0.9 shows the minimum error compared
to the results in Fig. 3(b) and Fig. 3(c) with α = 0.7 and
0.8. In summary, the results demonstrate that the proposed
framework makes the best learning path recommendations
with a higher learning rate α = 0.9 and number of training
epoch= 1000. These results also illustrate that, during a long
learning session, the proposed framework allows the learner
to explore and review more learning concepts for overall
learning progress.

2) LEARNING CONVERGENCES
In this section, we present the analysis of the temporal dif-
ference (TD) error made by the proposed framework during

interaction with the learners over time to study the conver-
gence and further confirm the value of the employed learning
rate α. The target is to achieve good convergence with a lower
number of training epochs so that the computational overhead
during the online phase can be reduced. The TD error is
defined in (2) and computed as follows:

1Q = TD(s, a) = rt + γ

× max
a
Q′(st+1, a)− Qo(st , at ), (5)

where rt + γ × maxaQ′(st+1, a) indicates the TD target of
the newly calculated Q-value, whereas Qo(st , at ) is the prior
recorded Q-value for the state st in Q-table. Moreover, 1Q
is known as the change in the Q-value and is estimated by
subtracting the previous value from the target value.
To observe the effect of a lower value α = 0.1 on the error

rate, the TD errors values for the proposed framework are
summarized in Fig. 4(a). This analysis identifies the reasons
for the lower convergence rate for the proposed framework
with a lower learning rate α = 0.1 value as the number of
training epochs increases. Fig. 4(a) demonstrates that, with
an increase in training epochs, the TD error tends to decrease
over the episodic learning progress. The higher epoch val-
ues exhibit lower TD error values compared to the lower
epoch values. To elaborate on this decrement in the TD error,
Fig. 4(b)-(e) represents the TD error for the training epoch
values of 1, 20, 100 and 1000, respectively. The TD error
exhibits a decreasing trend from 9 × 10−2 to 5 × 10−3,
as the training epochs increase from 1 to 1000. However,
this reduction in the TD error values is still not significant,
resulting in a higher learning progress 1LP at a lower epoch
value, particularly for epoch values 20 and 100, as shown in
Fig. 3(a), where the TD error has similar values.
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FIGURE 5. Comparing temporal difference error for parameter value α = 0.9 and number of epochs; (a) Epoch = 1,20,
100,1000 (b) Epoch = 1 (c) Epoch = 20 (d) Epoch = 100 (e) Epoch = 1000.

To elaborate on the better convergence of the proposed
framework when a higher learning rate value of α = 0.9 is
employed, the TD error is summarized in Fig. 5. Com-
pared to Fig. 4, the results in Fig. 5 indicate a significant
decrease in the TD error for higher training epoch values.
Fig. 5(b)-(e) presents the TD error for the training epoch
values of 1 to 1000, respectively. Contrary to the results
presented in Fig. 4(b)-(e), the results in Fig. 5(b)-(e) indicate
that the TD error reduces for every training epochs value,
whereas the change is more dominant for a higher value of
learning rate α in Fig. 5(b)-(e). The TD error reduces from
9 × 10−2 to 7 × 10−18 as the training epoch approach 1000.
It is interesting to observe that, for every increment in training
epochs, the TD error exhibits a significant decrease, which
was not the case for the lower learning rate value in Fig. 4.
This decrease in TD error over the episodic learning progress
justifies the learning progress rate result in Fig. 3(d). The
higher value of the training epoch demonstrates a better result
than lower training epochs. The experimental observations
indicate that, with a higher learning rate α = 0.9 and
1000 training epoch, the PAKES becomes less erroneous
than other parametric scenarios andmakes qualitatively better
personalized learning path recommendations to improve the
overall learning outcomes.

In summary, the convergence analysis presented in
Figs. 4 and 5 justifies our intention of employing a higher
learning rate of 0.9 and 1000 training epochs for the pro-
posed framework. With the optimized parameter values, the
proposed framework exhibits better convergence within a
few episodes than the conventional approaches. In the later
section, we present the performance comparison of the pro-
posed framework equipped with the optimized parameters to
the traditional CDRS framework.

3) ADAPTABILITY EFFECT OF LEARNING WITH COMPARISON
Finally, we studied the effect of PAKES on the learning
improvement of learners and compared the results with the
CDRS. After selecting the optimal parametric configuration
(α = 0.9, epoch = 1000), the learning progress score of the
learners is calculated using (3). The experimental results in
Fig. 6 illustrate the relationship between the percentage of the
learning progress score Lps with a varying number of training
epochs. The learners interactingwith the proposed framework
achieve an Lps from 23.99 to 62.28 for 1000 training epochs,
whereas the CDRS fails to achieve this learning score, which
is from 18.89 to 41.39. Moreover, the proposed framework
attains Lps = 53.23 within 200 training epochs, whereas
the higher Lps of the learners interacting with the CDRS is
41.39% at 1000 epochs. The comparative numerical analysis
of the proposed and baseline systems is presented in Table 6.
This analysis illustrates that, compared to the CDRS, the pro-
posed framework gains in Lps from 5.1% to 20.89% with 1 to
1000 epochs. Themaximum gain in Lps is 22.89% for PAKES
with Lps = 60.13% compared to CDRS at 600 epochs.
These results demonstrate that the proposed framework offers
advantages for optimal learning path recommendations to the
learners as per their personalized educational experiences,
learning desires, and understanding compared to the CDRS.
It adapted the learners with their different learning require-
ments to enhance the overall learning gain throughout the
learning process. The most exciting fact these graphs show
that exploits the reasonable diagnostic model is that it is
more productive than using the RL approach to optimize
learning instructions. This is the principal reason that the
proposed framework with the GenMA model and Q-learning
algorithm shows the potential results as claimed by the CDRS
with 3PL and actor-critic algorithms. Moreover, the proposed

155134 VOLUME 9, 2021



M. Z. Islam et al.: PAKES: RL-Based PAKES for ALSs

FIGURE 6. For each epoch, the curve shows the average learning progress score being made by (a) proposed PAKES and (b) baseline
model (CDRS) recommendations, (c) illustrates the comparative analysis between PAKES and CDRS.

TABLE 6. Comparative analysis of the learning progress score between
PAKES and CDRS model.

framework also employs the concept of affective states, which
is a growing research area in educational data mining [56],
[57]. By detecting the affective knowledge states of the learn-
ers to employ the GenMA model, the proposed framework
significantly provides personalized instructional sequencing
and allows learners to learn at their own pace. The experi-
ment illustrates that the proposed framework not merely out-
performs the CDRS but also delivers personalized adaptive
learning instructions.

V. CONCLUSION AND FUTURE WORK
In this work, we investigated the effect of RL-aided ALSs
on the learning performance of learners by combining
data-driven and theory-driven approaches. A knowledge
extraction strategy called PAKES was proposed for the ALSs
to recommend personalized pedagogical sequences. The pro-
posed framework ensures the optimal balance between the
learner-control and system-control policies. Equipped with
a GenMA model, PAKES can predict ongoing learning per-
formance to model the latent knowledge state of learners.
The proposed framework employed a Q-learning algorithm
to recommend the best learning paths for learners. It can
efficiently handle individual learners based on their learn-
ing curves by exploiting the adaptability methodology from
learning analytics. The experimental results demonstrate that
PAKES outperform the baseline strategy (CDRS), by improv-
ing the learning progress score Lps from 18.89% to 23.99%
(5.1% gain), and from 41.39% to 62.28% (20.89% gain) for
1 to 1000 epochs, respectively. Moreover, the performance
gain achieved in current ALSs by employing the optimal
learning paths recommended by PAKES implies the progress
of the learners in the overall learning trajectory. Future
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extensions of this work can explore the advancements for
capturing the hidden information of the learner and adapting
the RL-based policies to optimize learning outcomes with a
real-time implementation in the educational system.
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