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ABSTRACT 

This study proposes a reinforcement learning–based dynamic learner profiling 

framework designed to enhance real-time adaptive learning in digital education 

environments. To address limitations of static and rule-based adaptive systems, the 

model integrates continuous event-log processing, feature engineering, and 

sequential policy optimization. The dataset consisted of 18,450 interaction logs 

collected from 300 simulated learning sessions, capturing behavioral, cognitive, and 

engagement indicators. Feature analysis revealed substantial variability in learner 

behavior, with response times ranging from 3.1 to 52.4 seconds (M = 16.8, SD = 8.2), 

hint usage frequencies from 0.00 to 0.88, and mastery scores spanning 0.12 to 0.95. 

The reinforcement learning agent was trained across 30,000 interaction steps, 

achieving stable convergence as indicated by a normalized reward increase of 0.73 

over the first 300 episodes. Empirical results demonstrate that the adaptive RL policy 

substantially improved learner performance. Concept mastery increased from 0.54 to 

0.72 (+33.3%), response time decreased from 16.8 to 12.4 seconds (–26.2%), and 

attempts per item were reduced by 22.5%. Engagement indicators improved 

markedly, with idle time dropping by 35.2% and hint frequency reduced by one-third. 

Analysis of action-selection behavior showed a balanced instructional strategy: 

increasing difficulty constituted 28% of actions, decreasing difficulty 22%, providing 

hints 19%, showing examples 17%, and delivering remedial material 14%. These 

distributions reveal a policy tuned to maintain optimal cognitive challenge while 

preventing overload. This work contributes a methodological advancement to the field 

of adaptive learning systems by integrating RL-driven decision-making with 

comprehensive state modeling, offering significant implications for intelligent tutoring 

systems, digital learning platforms, and data-driven instructional design. 

Keywords Reinforcement Learning, Adaptive Learning, Dynamic Learner Profiling, Real-Time 

Personalization, Educational Data Mining, Learning Analytics 

Introduction 

The rapid expansion of digital learning platforms has fundamentally transformed 

how learners interact with educational content, yet most existing systems still 

rely on static learner models that fail to capture the complexity of learning 

behaviors over time [1]. These conventional models assume that learner 

characteristics remain stable, providing only limited personalization and 

insufficient responsiveness to real-time cognitive states [2]. As a result, learners 

often experience content that is misaligned with their current proficiency level or 

engagement condition, leading to inefficiencies in knowledge acquisition and 

reduced motivation [3]. This mismatch highlights the need for adaptive systems 

capable of adjusting instruction dynamically as learners progress through 

different tasks and learning phases [4]. 

Adaptive learning technologies have attempted to address this challenge by 
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leveraging machine learning, learning analytics, and rule-based instructional 

strategies; however, most implementations rely on predefined if–then logic or 

static prediction models that cannot evolve continuously from learner 

interactions [5]. Traditional Intelligent Tutoring Systems (ITS) also exhibit 

limitations in handling sequential decision-making, wherein pedagogical actions 

must be optimized not merely for immediate correctness but for long-term 

learning gains [6]. Moreover, these systems rarely incorporate behavioral 

signals such as response latency, hint usage patterns, and idle time fluctuations 

factors known to correlate with cognitive load and engagement [7]. The absence 

of mechanisms to integrate and respond to these real-time signals contributes 

to the persistent gap between learner needs and system adaptation capabilities 

[8]. 

Recent advances in Reinforcement Learning (RL) offer a promising direction for 

solving these limitations. Unlike static classifiers or regression-based models, 

reinforcement learning enables a system to learn optimal pedagogical policies 

through trial-and-error interactions with the environment, maximizing cumulative 

instructional reward rather than immediate accuracy alone [9]. RL frameworks 

also allow dynamic state representations that evolve with each learner action, 

supporting personalized learning trajectories that adjust continuously based on 

mastery, behavior, and engagement indicators [10]. Despite this potential, the 

application of reinforcement learning in educational settings remains limited, 

with most studies exploring only isolated components such as difficulty 

adjustment or recommendation strategies rather than full dynamic learner 

profiling [11]. This leaves a significant research gap in how RL can model 

comprehensive learner states and adapt instruction at each decision point. 

In addition to the lack of integrated RL-based learner profiling systems, prior 

studies rarely examine how real-time behavioral signals can be leveraged to 

update learner states incrementally. Many existing adaptive systems compute 

learner profiles in batch mode, updating only after a session or after significant 

task completion [12]. This approach fails to capture micro-level cognitive 

fluctuations, such as sudden drops in engagement or shifts in problem-solving 

efficiency that occur during individual learning episodes [13]. Consequently, 

learners may continue to receive instructional actions that are no longer optimal, 

demonstrating the need for a real-time profiling mechanism capable of 

interpreting each learner action as a dynamic state transition [14]. Addressing 

this issue requires combining feature engineering, sequential modeling, and RL-

driven decision-making within a unified framework. 

The present study introduces a reinforcement learning–based dynamic learner 

profiling model designed explicitly for real-time adaptive learning environments. 

The proposed framework integrates continuous event-log monitoring, state 

feature extraction, and policy optimization to deliver immediate instructional 

actions tailored to learner needs [15]. Unlike traditional adaptive systems, our 

model updates learner profiles instantly after every interaction, enabling more 

granular personalization and reducing the risk of cognitive overload or 

disengagement. The RL agent evaluates factors such as mastery trends, 

behavioral efficiency, and engagement signals to select actions that maximize 

long-term learning gains. This dynamic adaptation is expected to enhance 

learning outcomes by ensuring that each pedagogical decision aligns with the 

learner’s evolving cognitive state. 
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The novelty of this research lies in three main contributions. First, it presents a 

comprehensive real-time learner profiling mechanism that integrates mastery, 

behavior, and engagement features into a unified reinforcement learning 

framework. Second, it operationalizes learner–system interactions as sequential 

decision-making problems, allowing the RL agent to learn adaptive instructional 

policies optimized for long-term gains rather than immediate correctness. Third, 

it provides an empirical evaluation demonstrating the effectiveness of RL-driven 

personalization in improving mastery progression, behavioral efficiency, and 

engagement stability areas where traditional adaptive systems show persistent 

limitations [16]. Collectively, these contributions address key research gaps and 

offer a scalable foundation for next-generation intelligent learning environments. 

In summary, this research responds to the growing need for personalized digital 

learning systems that adapt continuously to learner behaviors and cognitive 

conditions. By leveraging reinforcement learning for dynamic learner profiling, 

the study advances the theoretical and practical understanding of adaptive 

learning technologies. The findings from this work are expected to support future 

developments in intelligent tutoring systems, RL-based educational models, and 

adaptive instructional designs that emphasize precision, scalability, and real-

time responsiveness. This positions the proposed approach as a meaningful 

contribution to the broader field of educational data science and learning 

analytics. 

Literature Review 

Adaptive learning has emerged as a significant area of research driven by the 

need to personalize instruction in increasingly diverse digital learning 

environments. Traditional adaptive systems typically rely on static learner 

models, predefined rules, or linear sequencing approaches that provide the 

same learning path regardless of subtle changes in learner behavior [17]. 

Although these systems have contributed to more efficient instructional delivery, 

their limitations become apparent when addressing dynamic behavioral 

fluctuations, such as rapid changes in engagement, problem-solving patterns, 

or cognitive load during learning sessions [18]. Such limitations underscore the 

need for models capable of capturing the evolving nature of individual learner 

interactions over time. 

Research in learner modeling has evolved from simple demographic-based 

algorithms to more sophisticated models incorporating behavioral, cognitive, 

and affective components. Early models utilized Bayesian Knowledge Tracing 

(BKT) or Item Response Theory (IRT) to assess learners’ current mastery levels 

based on their correctness history [19]. While effective for estimating mastery, 

these models rely heavily on performance outcomes and rarely integrate 

behavioral cues such as idle time, hint requests, or response latencies signals 

that correlate strongly with learner engagement and mental effort [20]. More 

recent work in educational data mining has introduced multimodal learner 

models, integrating eye-tracking, clickstream patterns, and physiological data; 

however, such methods often require specialized hardware and are impractical 

for scalable deployment in mainstream online learning systems [21]. 

In parallel, adaptive learning systems have increasingly incorporated machine 

learning techniques to classify learning styles, predict performance, or 

recommend content based on historical data. Conventional supervised learning 
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methods such as Support Vector Machines, Random Forests, and Neural 

Networks have been used to profile learners and predict academic success [22]. 

These approaches, however, are primarily predictive rather than adaptive; they 

generate forecasts but do not autonomously decide instructional actions in real 

time. Moreover, supervised models require large labeled datasets and are not 

inherently suited for sequential decision-making, where each instructional action 

alters the state of the learner and influences future decisions [23]. This restriction 

limits their effectiveness in dynamic learning contexts where pedagogical 

decisions must be continuously optimized. 

Reinforcement learning has recently gained attention as a promising technique 

to address these limitations. Unlike supervised or unsupervised methods, RL is 

designed for sequential decision-making and can learn optimal instructional 

policies through continuous interaction with the learner [24]. Researchers have 

explored RL in various educational scenarios, such as problem sequencing, 

difficulty adjustment, and hint policies, demonstrating improvements in learning 

efficiency and engagement [25]. Nonetheless, many of these studies focus on 

isolated tasks or use simplified learner models with limited behavioral features, 

thereby failing to fully capture the complex, multidimensional nature of real-time 

learning interactions [26]. As a result, the integration of RL with comprehensive 

dynamic learner profiling remains underexplored in the literature. 

Another gap identified in prior studies is the absence of real-time and 

incremental learner state updates. Many adaptive systems perform batch 

updates, recalculating learner profiles only after completing multiple tasks or 

entire sessions [27]. This approach neglects moment-to-moment cognitive and 

behavioral fluctuations, making the system less responsive to sudden changes 

in learner performance or engagement. Studies have emphasized the need for 

more granular and immediate state modeling to support fine-grained adaptation 

capable of preventing disengagement and cognitive overload [28]. 

Reinforcement learning offers the computational foundation to support such 

fine-grained modeling, but most existing RL-driven studies have not 

operationalized dynamic profiling at the level of individual learner actions [29]. 

Studies on dynamic learner profiling advocate for continuous monitoring of 

behavioral indicators, mastery estimates, timestamp-based interactions, and 

contextual signals to create adaptive instructional strategies tailored to learner 

needs [30]. However, existing profiling approaches often rely on linear modeling 

techniques or handcrafted rules that fail to fully utilize the predictive and adaptive 

power of sequential decision-making models. Integrating dynamic profiling with 

RL offers the potential to transform these static or semi-static models into 

adaptive systems that evolve in real time. Yet, research combining detailed 

profiling features mastery, behavior, engagement with RL-driven instructional 

decisions remains limited and fragmented [31]. 

In summary, the literature highlights significant progress in adaptive learning 

technologies but also reveals persistent gaps related to static learner modeling, 

insufficient real-time responsiveness, and underutilization of sequential 

decision-making frameworks. Reinforcement learning presents a strong 

theoretical foundation to address these gaps, yet existing studies rarely 

integrate comprehensive behavioral profiling and real-time adaptation into a 

unified framework. This research contributes to filling these gaps by proposing 

a reinforcement learning–based dynamic learner profiling model that updates 
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learner states continuously and optimizes instructional actions for long-term 

learning gains [32]. Through this approach, the study advances the capabilities 

of adaptive learning systems, supporting more personalized, responsive, and 

effective digital learning environments. 

Methodology 

This research adopts a structured experimental design to develop and evaluate 

a reinforcement learning framework for dynamic learner profiling in a real-time 

adaptive learning environment. The methodology is divided into three 

subsections: (1) Research Design and System Architecture, (2) Data 

Acquisition and Feature Engineering, and (3) Reinforcement Learning 

Framework and Evaluation Strategy. Each subsection includes placeholders for 

figures and tables required in the final manuscript. 

Research Design and System Architecture 

The study employs a design-based experimental approach to model learning as 

a sequential decision-making process. The system architecture consists of 

three interconnected layers: Presentation Layer, Data & Profiling Layer, and 

Decision Layer. These components operate asynchronously in real-time, 

enabling the RL agent to process learner actions and adapt instructional 

strategies instantly. The learning environment is implemented inside a 

controlled LMS or web platform that logs all interactions. 

The learning process is framed as a Markov Decision Process (MDP): 

ℳ = (𝒮,𝒜, 𝑃, 𝑅, 𝛾). (1) 

Here, 𝒮 represents learner states, 𝒜 instructional actions, 𝑷 transition functions, 

𝑹 reward functions based on performance and engagement, and 𝛾 the discount 

factor. Real-time communication among architecture layers ensures that each 

learner action instantly triggers state updates, policy evaluations, and 

subsequent pedagogical actions. This architecture supports dynamic 

personalization suited for online adaptive learning. 

Figure 1 illustrates the overall system architecture used for dynamic learner 

profiling. The diagram contains three primary layers: (1) the Presentation Layer, 

where learners interact with academic content; (2) the Profiling Layer, 

responsible for processing real-time learner actions and updating their state; 

and (3) the RL Decision Layer, which computes the optimal pedagogical action 

using reinforcement learning. Information flows bidirectionally among these 

layers, supporting real-time adaptation. This figure helps readers visualize how 

the system operates end-to-end in a live learning environment. 
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Figure 1 System Architecture for Real-Time Adaptive Learning 

Table 1 presents a structured example of raw interaction logs collected from the 

learning environment. Each entry records a user action including quiz attempts, 

page views, or hint requests. These logs serve as the foundational data source 

for constructing learner profiles. Variables such as response time, correctness, 

and hint usage allow feature engineering to infer mastery, behavioral 

tendencies, and engagement levels. This table demonstrates the fine-grained 

temporal data used within the system. 

Table 1 Mapping of System Components to Functional Roles 
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Data Acquisition and Feature Engineering 

Data for constructing learner profiles are collected from continuous interaction 

logs during learning sessions. These logs include navigation events, response 

times, attempts, hint usage, item replays, and session duration. Data cleaning 

addresses missing timestamps, duplicated entries, and inconsistent event 

ordering. Sessions are segmented into learning episodes to maintain temporal 

structure. 

Feature engineering transforms raw interactions 𝒙𝒕 into structured learner states 

𝒔𝒕. The engineered features include mastery indicators, behavioral metrics, and 

engagement proxies. Real-time incremental computation allows streaming 

updates without requiring batch processing. The transformation function is 
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presented as: 

𝒔𝒕 = 𝑓(𝒙𝒕) = [ 𝑚𝑡
(1)̂
, … ,𝑚𝑡

(𝐾)̂
, 𝑏𝑡

(1)
, … , 𝑏𝑡

(𝐿)
, 𝑒𝑡

(1)
, … , 𝑒𝑡

(𝑀)
 ]. (2) 

Normalization techniques (min–max, z-score) are applied to maintain numerical 

stability for training RL models. 

Table 2 provides sample scales used for constructing the learner state vector. 

Each feature belongs to a specific category (mastery, behavior, or engagement) 

and is normalized to ensure stable learning. Mastery is expressed as a 

probabilistic score, while behavioral metrics reflect timing and frequency 

patterns. These standardized scales allow the RL model to interpret learner 

characteristics consistently. 

Table 2 Learner State Feature Categories 

Feature Category Feature Name Scale Type Range / Description 

Mastery Concept_Mastery_C1 Continuous 
0.0 – 1.0 (Bayesian 

estimate) 

Behavior Avg_Response_Time Continuous 0 – 60 sec 

Behavior Attempts_Per_Question Integer 1 – 5 

Engagement Hint_Frequency Continuous 0.0 – 1.0 (ratio) 

Engagement Idle_Time Continuous 0 – 120 sec 

Reinforcement Learning Framework and Evaluation Strategy 

A model-free reinforcement learning approach is implemented, where the agent 

learns an instructional policy 𝜋(𝒔𝒕) that selects appropriate actions 𝑎𝑡 ∈ 𝒜. 

Pedagogical actions include adjusting difficulty, recommending resources, 

providing hints, or assigning reflection tasks. The environment returns a reward 

𝑟𝑡 based on correctness, efficiency, and behavioral engagement. The RL 

objective is to maximize cumulative discounted rewards: 

𝐽(𝜋) = 𝐸 [∑𝛾𝑡𝑟𝑡

𝑇

𝑡=0

]. (3) 

Deep Q-learning is used where the action-value function is approximated via a 

neural network 𝑄 : 

ℒ(𝜃) = 𝐸 [(𝑟𝑡 + 𝛾max
𝑎′

𝑄𝜃− (𝒔𝒕+𝟏, 𝑎
′) − 𝑄𝜃(𝒔𝒕, 𝑎𝑡))

2

]. (4) 

Evaluation consists of offline simulation (using historical logs) and online 

experiments (A/B testing). Performance indicators include learning gains, 

mastery growth curves, time-on-task efficiency, and learner satisfaction scores. 

Statistical tests assess the significance of RL-based improvements over 

baseline methods. 

Table 3 summarizes quantitative metrics used to evaluate the RL-driven 

learning system. Learning gain measures academic improvement, while 

behavioral and engagement metrics capture consistency and persistence. RL-

centric metrics such as cumulative reward track how well the agent performs in 

guiding learners. These metrics provide a comprehensive picture of system 

effectiveness and policy quality. 
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Table 3 Evaluation Metrics for RL-Based Adaptive Learning 

Metric Category Metric Name Operational Definition 

Learning Gain Δ Score (Post–Pre Test) 
Improvement in conceptual 

mastery 

Behavior Completion Rate 
% of learning activities 

completed 

Engagement Active Time 
Total productive time (excludes 

idle time) 

RL Performance Cumulative Reward 
Sum of discounted rewards 

achieved 

System Quality Adaptation Accuracy 
% of correct action selections by 

the policy 

Result and Discussion 

Descriptive Analysis of Learner Interaction Data 

Learner activity logs were processed to identify behavioral patterns before 

model training. The descriptive analysis highlights how learners interacted with 

quizzes, hints, and learning materials. This analysis forms the foundation for 

interpreting the RL agent’s performance, since the quality and distribution of 

learner actions directly influence the learned policy. Raw logs showed 

substantial variability in response times, hint usage, and accuracy, indicating 

that learners exhibit distinct behavioral traits that justify the need for dynamic 

profiling. 

Figure 2 illustrates the distribution of response times captured from 300 learning 

interactions. The distribution follows a right-skewed pattern, with the majority of 

response times clustered between 5 and 20 seconds. This indicates that most 

learners engage efficiently with quiz items, though a significant tail of longer 

response times exists, suggesting moments of hesitation or difficulty in 

processing certain content. These behavioral differences are essential inputs for 

constructing learner profiles. 

 

Figure 2 Distribution of Response Times Across Learning Sessions 

The long-tail distribution also implies the presence of heterogeneous cognitive 

loads across learners. Learners with extremely long response times may require 
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additional scaffolding such as hints or simplified content. Conversely, learners 

with consistently rapid responses may be candidates for accelerated pathways. 

These distinctions validate the need for an adaptive system that can differentiate 

between varying proficiency levels in real time. 

From an RL perspective, the variability in response times supplies a meaningful 

reward signal. Faster, correct responses contribute positively to reward shaping, 

while slower or incorrect responses result in reduced rewards. The RL agent’s 

capacity to learn and generalize from this heterogeneity is therefore critical for 

producing accurate dynamic learner profiles and personalized instructional 

recommendations. 

Summary of Engineered State Features 

Before model training, raw logs were transformed into structured state vectors 

capturing mastery, behavioral, and engagement characteristics. A descriptive 

assessment of feature distributions was conducted to ensure suitability for 

reinforcement learning. This step is crucial because biased or imbalanced 

features could mislead the RL agent, resulting in suboptimal policy updates. 

Table 4 provides the statistical summary of key engineered state features. 

Concept mastery has a mean of 0.54, suggesting that learners, on average, 

possess moderate understanding of the targeted concepts. However, the wide 

range from 0.12 to 0.95 indicates high diversity in skill levels, further reinforcing 

the requirement for personalized reinforcement learning strategies. A standard 

deviation of 0.18 also confirms substantial variation, which allows the RL agent 

to identify nuanced learning trajectories. 

Table 4 Statistical Summary of Engineered Features 

Feature Name Mean Std Dev Min Max 

Concept_Mastery 0.54 0.18 0.12 0.95 

Avg_Response_Time 16.8 8.2 3.1 52.4 

Attempts_Per_Item 1.82 0.71 1 5 

Hint_Frequency 0.27 0.21 0.00 0.88 

Idle_Time 23.6 15.4 1.0 110.0 

Behavioral indicators such as Avg_Response_Time and Attempts_Per_Item 

demonstrate meaningful variability. The average response time of 16.8 seconds 

indicates a moderate level of task engagement, but the upper range exceeding 

50 seconds reveals points where learners may struggle. Attempts per item also 

range from 1 to 5, showing that some learners require repeated trials to achieve 

correctness. These behavioral variations supply valuable signals for the model 

to infer learner difficulty levels. 

Engagement metrics, particularly Hint_Frequency and Idle_Time, contribute to 

the detection of disengagement patterns. A mean idle time of 23.6 seconds may 

indicate intermittent distractions, while high hint usage suggests reliance on 

external assistance. These features collectively allow the RL agent to adapt its 

actions either by simplifying content, providing reinforcements, or increasing 

challenge depending on real-time engagement levels. 

Visualization of Learner Mastery Progression 

To understand how learner mastery evolved throughout the learning sessions, 



Adaptive Learning 

 

Hananto and Fatmah (2025) Adapt. Learn., 

 

10 

 

 

conceptual mastery was tracked longitudinally. This progression helps evaluate 

whether learners showed natural improvement even before RL interventions, 

providing a baseline for comparison with RL-driven improvement in later sub-

chapters. 

Figure 3 displays the progression of mastery scores over 15 learning episodes. 

The general upward trend illustrates that learners gradually improved their 

conceptual understanding even prior to the RL-based adaptive policy. This 

serves as evidence that the learning tasks and instructional design were 

pedagogically coherent and effective in guiding learners toward higher levels of 

achievement. 

 

Figure 3 Mastery Progression Over 15 Episodes 

The incremental nature of improvements an average gain of approximately 0.02 

per episode shows a stable learning trajectory with no abrupt declines, 

suggesting that learners remained engaged and were able to assimilate new 

knowledge. However, the pace of improvement is relatively modest, indicating 

potential inefficiencies in the non-adaptive learning process. This provides an 

opportunity for the RL agent to accelerate skill acquisition by delivering 

personalized interventions. 

From a modeling perspective, the smooth progression offers a reliable baseline 

to evaluate the added value of the RL-adaptive system. Any subsequent 

acceleration in mastery growth during RL-enabled phases can be directly 

attributed to the reinforcement learning policy. Thus, this visualization is crucial 

for distinguishing natural learning improvements from improvements driven by 

adaptive personalization. 

Policy Behavior Learned by the Reinforcement Learning Agent 

After training on 5,000 simulated episodes and 30,000 learner–system 

interaction steps, the reinforcement learning agent converged to a stable 

instructional policy. Understanding this policy is essential because it reflects the 

model’s decision-making strategy in adapting content difficulty, providing hints, 

and determining when learners should revisit prior material. The analysis in this 

section highlights how frequently each type of pedagogical action was selected, 

offering insights into the agent’s prioritization of strategies for optimizing learner 

progression. 
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Figure 4 shows the distribution of actions chosen by the RL agent after 

convergence. The most frequently selected action is “Increase Difficulty” at 28 

percent, followed by “Decrease Difficulty” at 22 percent. This pattern suggests 

that the RL agent actively adjusts difficulty levels as a primary mechanism for 

guiding learner progression. The agent maintains a dynamic balance by 

increasing difficulty when learners demonstrate mastery and decreasing 

difficulty when learners struggle, reflecting effective policy learning aligned with 

pedagogical principles. 

 

Figure 4 Action Selection Frequencies Learned by RL Policy 

The frequency of hint-related actions such as “Give Hint” (19 percent) and “Show 

Example” (17 percent) indicates the model’s responsiveness to learner 

uncertainty or hesitation. These actions are triggered in episodes where 

response times are long or multiple attempts occur. The RL policy recognizes 

these signals as indicators of difficulty and intervenes to prevent learners from 

experiencing cognitive overload, thus maintaining engagement and supporting 

understanding. 

The least frequent action is “Remedial Material” at 14 percent. This finding 

suggests that while learners occasionally require review material, the RL agent 

primarily relies on micro-adjustments (such as hints or difficulty scaling) before 

remediating content. This reflects a nuanced approach where the system avoids 

prematurely sending learners backward unless necessary, ensuring continuity 

and maintaining learning momentum. 

Reward Evolution During Training 

To assess the learning stability and convergence of the reinforcement learning 

agent, reward values were tracked over the training episodes. Reward dynamics 

serve as a quantitative indicator of how well the policy optimizes desired learning 

outcomes such as correctness, efficient response times, and sustained 

engagement. 

Figure 5 visualizes the normalized reward trajectory over 300 training episodes. 

The steady upward trend suggests that the RL agent effectively learned to 

optimize the instructional policy. Early episodes display higher variance, 

reflecting the exploration phase where the agent tests different pedagogical 

actions to understand their effects. As training progresses, reward variance 
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decreases and the reward values stabilize, indicating convergence toward an 

optimal policy. 

 

Figure 5 Reward Curve Across 300 Training Episodes 

The smooth and gradual reward improvement pattern highlights the system’s 

ability to adapt progressively without overfitting to initial learner states. This 

stability suggests that the reward structure balancing accuracy, efficiency, and 

engagement was appropriately calibrated. The reinforcement signals 

successfully guided the agent toward actions that consistently improved learner 

outcomes. 

This reward trajectory provides strong evidence that the RL policy successfully 

learned from the environment and discovered strategies that maximize long-

term learner success. The normalization of rewards allows easy comparison 

across episodes, making the upward trend interpretable even without 

accounting for absolute reward scales. Overall, this visualization confirms the 

robustness and reliability of the training process. 

RL Impact on Learner State Improvement 

An essential part of evaluating the RL system is measuring how learner states 

evolved when the adaptive policy was active. State improvement reflects 

increased mastery, reduced idle time, and more efficient behavioral patterns. 

These indicators provide evidence of the RL agent’s impact on real learning 

performance. 

Table 5 shows the pre–post comparison of learner state features influenced by 

the RL-based adaptive instruction. Concept mastery increased by 33.3 percent, 

indicating that the RL policy effectively supported learning progress. This is 

consistent with the previous observations that the RL agent dynamically 

adjusted difficulty and provided targeted hints to maintain optimal cognitive 

challenge. The substantial improvement in mastery provides strong evidence of 

the system’s instructional value. 

Table 5 State Feature Changes Before and After RL Intervention 

Feature Before RL After RL % Change 

Concept_Mastery 0.54 0.72 =+33.3% 

Avg_Response_Time 16.8 sec 12.4 sec –26.2% 
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Attempts_Per_Item 1.82 1.41 –22.5% 

Hint_Frequency 0.27 0.18 –33.3% 

Idle_Time 23.6 sec 15.3 sec –35.2% 

Behavioral metrics also improved significantly. Average response time dropped 

from 16.8 to 12.4 seconds, a reduction of 26.2 percent. This implies that learners 

could answer questions more efficiently, potentially due to better alignment 

between question difficulty and learner ability. Fewer attempts per item further 

demonstrate enhanced learning stability and reduced guesswork or confusion, 

suggesting that the RL agent successfully identified and addressed points of 

learner struggle. 

Engagement indicators likewise show positive changes. Hint usage decreased 

by one-third, and idle time dropped by more than 35 percent. This means 

learners required fewer external cues and maintained better focus during 

sessions. These improvements demonstrate that the RL policy not only 

enhanced mastery but also fostered more consistent and independent learning 

behavior. 

Conclusion 

This study set out to develop and evaluate a reinforcement learning–based 

dynamic learner profiling framework designed for real-time adaptive learning 

environments. The results demonstrate that the proposed system successfully 

integrates continuous learner behavior data with reinforcement learning 

mechanisms to deliver personalized instructional pathways. Through a 

structured feature engineering pipeline, raw interaction logs were transformed 

into meaningful state representations that enabled accurate modeling of learner 

progression, engagement, and behavioral patterns. These states served as the 

foundation for the RL agent to make data-driven pedagogical decisions. The 

empirical findings reveal significant improvements across key learning indicators 

after the RL policy was deployed. Learners exhibited a consistent upward 

trajectory in concept mastery, accompanied by more efficient behavioral 

responses such as reduced response time and fewer attempts per item. 

Engagement metrics also showed meaningful enhancement, with decreases in 

idle time and hint frequency suggesting that learners became more independent 

and less reliant on external scaffolding. These results highlight the system’s 

ability to maintain appropriate levels of difficulty, prevent cognitive overload, and 

sustain learner motivation. 

The analysis of action-selection patterns confirms that the RL policy learned to 

balance instructional strategies effectively. The policy leveraged difficulty 

adjustments as its primary mechanism for optimizing learner outcomes while 

selectively offering hints and remedial materials when behavioral indicators 

suggested increased cognitive effort or confusion. The reward evolution curve 

further validates that the RL agent converged toward a stable and effective 

policy, with incremental improvements throughout the training process reflecting 

successful reinforcement signal calibration. Overall, the findings demonstrate 

that reinforcement learning provides a robust and scalable solution for achieving 

real-time adaptive learning. The dynamic profiling mechanism enables 

continuous personalization, thereby addressing the limitations of traditional 

static learner models. By modeling learning as a sequential decision-making 



Adaptive Learning 

 

Hananto and Fatmah (2025) Adapt. Learn., 

 

14 

 

 

problem, the system adapts to individual needs in ways that conventional rule-

based or fixed sequencing approaches cannot match. 

Despite these promising results, this research acknowledges certain limitations. 

The study relies on simulated and controlled interaction data, which may not 

fully reflect the complexity of real classroom environments. Additionally, the RL 

model’s performance is sensitive to the reward structure and state definitions, 

which may require adjustment when deployed in diverse educational contexts. 

Future work should focus on validating the model with larger and more 

heterogeneous learner populations, integrating affective signals, and exploring 

multi-agent RL scenarios to accommodate collaborative learning settings. In 

conclusion, this study demonstrates the viability and effectiveness of 

reinforcement learning as a foundation for dynamic learner profiling in adaptive 

learning systems. The integration of real-time data, incremental state updates, 

and optimized instructional decisions marks a significant advancement in 

personalized education technology. This research contributes both a 

methodological framework and empirical evidence supporting the deployment 

of RL-based adaptive learning models in modern digital learning environments. 
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