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1. Introduction 

The transition towards virtual learning triggered by the COVID-19 pandemic and bolstered by advancements in 

digital infrastructures has fundamentally changed the dynamics of teaching in modern times. The global e-

learning market had already reached the benchmark of USD 325 billion by 2024, and forecasts show that it is set 

to experience a further growth rate above 21% up until 2030 [1]. However, despite these positive developments, 
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the virtual classes still lack crucial educational aspects, such as high attrition rates (about 40-60% in MOOCs), a 

lack of personalization, and inadequate tools for providing instant feedback to the learners [21]. Recent studies 

on intelligent tutoring systems, online learning behavior, and cloud-based LMS platforms further emphasize the 

increasing need for adaptive and learner-centric educational technologies [2] [18] [27]. Hence, there is a dire 

necessity for an advanced intelligent system that could adaptively model and modify the process of learning. 

Reinforcement learning (RL) has proved to be an important tool in making sequential decisions in the field of 

education, wherein instructional choices made at each step have far-reaching effects on the future academic 

performance of a student [3][26]. However, the use of flat RL algorithms, wherein all instructional choices are 

modeled in one common time scale, is inherently incompatible with the hierarchical nature of education in which 

both long-term curricular plans and short-term instructional delivery play a vital role. In order to overcome this 

difficulty, HRL can be used to break up a task into sub-tasks of varying lengths. 

The existing ITS have been experimenting with the use of rule-based, Bayesian, and shallow machine learning 

techniques in modeling learners, but such methods present limitations such as scalability issues, poor 

generalizability across heterogeneous learner groups, and failure to cope with dynamic changes in learners' 

behaviors [5]. Contemporary e-learning platforms and virtual simulation-based educational systems have shown 

significant improvements in learner engagement and accessibility, yet they still struggle to support dynamic long-

term pedagogical adaptation [4] [16]. Although deep reinforcement learning techniques like DQN and PPO have 

shown better results in simulated environments, lacks hierarchical structures capable of addressing both long- 

and short-term goals concurrently [23]. 

 

1.1.  Significance of the Problem 

Student alienation and underperformance constitute not just educational failures, but rather have far-reaching 

socioeconomic implications worldwide. Studies show that personalized adaptive learning could boost student 

achievement by up to 30% as opposed to traditional non-personalized teaching [7]. Within the context of digital 

classrooms, wherein there is an asynchronous relationship between teacher and learner through technological 

mediums, pedagogical agents that have the capacity to adapt in real time are essential. Research on learners’ 

motivation in online education environments further highlights the importance of adaptive engagement 

mechanisms in sustaining student participation and learning outcomes. The lack of such agents in existing 

systems leads to rigid curriculum planning, generic feedback mechanisms, and disregard for learners’ different 

speeds of learning all contributing to higher dropout rates. 

 

1.2.  Unique Contributions 

This paper makes the following original contributions to the field: 

• Proposes HRL-VCO, a novel two-tier hierarchical reinforcement learning architecture specifically designed 

for virtual classroom optimization, capable of concurrently managing curriculum-level and interaction-

level pedagogical decisions. 

• Introduces a composite reward function that integrates knowledge gain, engagement retention, and time-

efficiency metrics into a unified optimization objective. 

• Provides a comprehensive empirical evaluation on the large-scale EdNet dataset, benchmarking HRL-VCO 

against five baseline models across seven performance metrics. 

• Conducts a systematic ablation study to quantify the contribution of each architectural component, 

validating the necessity of hierarchical decomposition. 

• Demonstrates practical applicability through deployment-ready implementation guidelines with 

reproducible experimental protocols. 

The rest of this paper is structured as follows. In section 2, a review of existing literature on the following  

topics - adaptive learning systems, reinforcement learning-based educational systems, and hierarchical RL 

techniques is presented. In Section 3, the proposed approach named HRL-VCO, its system architecture, and 

mathematical formulations are described. In section 4, the results of experiments, performance comparison, and 

ablation studies are discussed. In section 5, conclusions are drawn, and avenues for future work are discussed. 
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2. Literature Survey 

 

2.1.  Adaptive Learning and Intelligent Tutoring Systems 

There have been remarkable advances in adaptive learning systems during the last ten years. Shifted from simple 

rule-based engines to advanced platforms using machine learning algorithms. This literature review serves as a 

basis for researching adaptivity in technology-mediated learning by providing useful taxonomies for learner 

modeling and instructional adaptivity. In recent research, it was shown that attention-based knowledge tracing 

models outperformed Bayesian Knowledge Tracing (BKT) by 15.3% on the EdNet data set. It used a transformer-

based model named SAINT+ to demonstrate its effectiveness in sequence modeling of learners' states. 

Educational quality enhancement and evidence-based instructional practices have further contributed to the 

development of adaptive and learner-centered educational systems [10][27]. 

This work introduced a system to recommend exercises based on collaborative filtering with knowledge graph 

embedding to obtain an NDCG value of 0.742 on a private data set comprising 50,000 users. Although this model 

showed a high level of relevance in the recommended items, the studies failed to incorporate a temporal decision-

making model in their work. Likewise, another study used matrix factorization to predict students' performance 

in MOOCs and obtained AUC values of 0.81; however, poor results were observed in learners with sparse 

interaction history.  

 

2.2.  Reinforcement Learning in Educational Contexts 

Reinforcement learning has been increasingly applied in education decision-making. This paper introduced the 

first use of batch RL in developing optimal policies for hinting on an online learning website, with a 19% increase 

in problem-solving completion rates over baseline heuristic methods [22]. The off-policy nature of their 

approach made training possible using historical interaction records without engaging with the environment. 

Latest research examined the exploration/exploitation problem in educational RL and discovered that epsilon-

greedy policies with adaptive decay were better than UCB policies in simulated student settings. Recently, this 

paper suggested a multi-objective RL model for personalizing exercise selection, where both knowledge 

acquisition speed and learner engagement were optimized, resulting in a 22.8% improvement in completion 

rates compared to greedy content selection. 

Recently, a deep Q-learning approach was employed for an adaptive sequence generation system within a virtual 

STEM laboratory, showing a significant improvement in the score following the assessment of 17.6%, compared 

to fixed-sequence learning [24]. Emerging AR/VR-powered educational platforms and virtual simulation 

environments have also demonstrated improved conceptual understanding and learner immersion in technical 

education domains [6]. Unfortunately, the system functioned only on one time scale and hence was unable to 

balance both short-term learning and long-term curricula management. 

 

2.3.  Hierarchical Reinforcement Learning 

HRL refers to various approaches to breaking down complex sequential decision-making processes by means of 

temporally abstract subtasks. The options paradigm discussed here forms the theoretical basis of temporal 

abstraction in reinforcement learning, where options are defined as closed-loop policies for choosing primitive 

actions over longer time scales [9][28]. It was the MAXQ value function decomposition that established 

hierarchical task decomposition as the way to address combinatorially large action spaces [25]. 

The most interesting findings in HRL were achieved recently. The HIRO (Hierarchical Reinforcement Learning 

with Off-Policy Correction) is an example that outperformed previous models in the task of MuJoCo locomotion 

benchmarking with 40% increase in sample efficiency compared to other flat RL baselines [11]. The off-policy 

correction technique used in this work could be implemented in non-stationary environments found in virtual 

classrooms. 

In the educational sector, the research conducted investigated the use of a hierarchical model involving two levels 

of policy structure to develop an adaptive curriculum design, where hierarchical decomposition led to better 
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learning results after 14.3% compared to one level of reinforcement learning [12]. The research later focused on 

applying HRL in multi-modal engagement tracking to reduce student dropouts by 26.4% within an online 

programming education portal [13]. Furthermore, VR-based adaptive training systems have demonstrated the 

effectiveness of immersive and hierarchical instructional methodologies in improving learner engagement and 

skill acquisition [20]. 

 

2.4.  Knowledge Tracing and Learner Modeling 

Precise estimation of the learners' states is critical for adaptive tutoring. Deep Knowledge Tracing (DKT) was 

proposed by Piech et al. [14], wherein an LSTM architecture was utilized to model sequences, which resulted in 

an increase in AUC by 25% compared to BKT using the Assessments datasets. Later, studies showed that SAKT 

improved AUC scores to 0.834 while being computationally costly [15]. Recent graph learning approaches and 

adaptive learner analytics frameworks further support efficient learner representation and personalized 

instructional modeling in large-scale educational systems [17][18]. The learner state models discussed above 

provide guidance on how to represent states in the framework. 

 

2.5.  Research Gap 

The reviewed literature identifies three key areas where improvements can be made, thus driving the motivation 

for the current research. First, current RL-based education systems are designed with a single temporal 

resolution in mind, thereby unable to optimize both the curriculum sequencing and interactions simultaneously 

on a macro- and micro-scale. Secondly, almost all studies test their systems on small proprietary data sets, making 

the results non-generalizable. Thirdly, current approaches use highly specific metrics, such as the accuracy of the 

next answer, for determining rewards in the RL algorithm. The proposed HRL-VCO approach remedies all these 

problems simultaneously. 

 

3. Proposed Methodology 

The HRL-VCO (Hierarchical Reinforcement Learning for Virtual Classroom Optimization) framework represents 

the adaptive teaching system as a Hierarchical Markov Decision Process (HMDP). The system is divided into two 

distinct temporal stages, each corresponding to a different decision level: (i) the high-level Meta-Controller, 

which performs macro-decision making in pedagogy, and (ii) the low-level Sub-Policy Network, which takes 

micro-level actions during the instruction phase. Both meta and sub-decisions are based on common learner 

states provided by a deep knowledge tracing component, enabling optimal decisions based on comprehensive 

knowledge of individual students’ knowledge and progress. 

Figure 1 illustrates the full architectural framework of the HRL-VCO system. This framework comprises five 

components. 
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Figure 1: HRL-VCO System Architecture for Virtual Classroom Optimization 

 

Hierarchical Markov Decision Process 

The virtual classroom environment is formally modeled as a Hierarchical Markov Decision Process (HMDP) 

defined by the tuple shown in equation (1): 

𝐻𝑀𝐷𝑃 =  ⟨𝑆, 𝐺, 𝐴, 𝑇, 𝑅𝐻 , 𝑅𝐿 , 𝛾𝐻 , 𝛾𝐿⟩                                  (1) 
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Where: S = learner state space; G = high-level goal space; A = primitive action space; 𝑇: 𝑆 ×  𝐴 →  𝑆 = transition 

function; 𝑅𝐻 = high-level reward function; R_L = low-level intrinsic reward function; 𝛾𝐻 , 𝛾𝐿 ∈  [0,1] = discount 

factors for HLC and LLC, respectively. 

 

Learner State Representation 

The learner state at time t is encoded by an LSTM-based knowledge tracing module shown in equation (2): 

ℎ𝑡 =  𝐿𝑆𝑇𝑀(ℎ{𝑡−1}, [𝑒{𝑞𝑡}, 𝑟𝑡 , 𝛥𝑡, 𝑚𝑡])                                                                          (2) 

Where 𝑒{𝑞𝑡} ∈  ℝ64 is the exercise embedding for question q at time 𝑡, 𝑟𝑡 ∈  {0,1} is the binary response 

correctness, Δt is the response latency in seconds, and 𝑚𝑡  is the interaction modality indicator. The state vector 

is in equation (3):   

𝑠𝑡 =  𝑊𝑠 ·  ℎ𝑡 +  𝑏𝑠 ,   𝑠𝑡 ∈  ℝ256                                                                                    (3) 

 

High-Level Meta-Controller Policy 

The meta-controller selects a sub-goal 𝑔𝑡  from the discrete goal space G every N time steps shown in equation 

(4): 

𝑔𝑡 =  𝜋𝐻(𝑠𝑡; 𝜃𝐻) =  𝑎𝑟𝑔𝑚𝑎𝑥{𝑔∈𝐺}𝑄𝐻(𝑠𝑡,𝑔; 𝜃𝐻)
                                                                 (4) 

The high-level Q-function is parameterized by a 3-layer fully connected network with ReLU activations. The high-

level reward is computed as in equation (5): 

𝑅𝐻(𝑠𝑡,𝑔𝑡) =  𝐾𝐺𝑡 +  𝜆 ·  𝐸𝑁𝐺𝑡 −  𝜌 ·  𝑇𝑤𝑎𝑠𝑡𝑒                                                                (5) 

Where 𝐾𝐺𝑡  is the knowledge gain metric (measured as change in predicted knowledge level), 𝐸𝑁𝐺𝑡  is the 

normalized engagement score, 𝑇𝑤𝑎𝑠𝑡𝑒  is the proportional time spent on already-mastered content, and λ, ρ are 

weighting hyperparameters. 

 

Low-Level Sub-Policy Network 

Given goal 𝑔𝑡  from the meta-controller, the sub-policy selects primitive actions until goal completion as shown 

in equation (6): 

𝑎𝑡 =  𝜋𝐿(𝑠𝑡,𝑔𝑡; 𝜃𝐿) =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝐿 ·  [𝑠𝑡;  𝑔𝑡] +  𝑏𝐿)                                                    (6) 

The intrinsic reward for the sub-policy is in equation (8): 

𝑟𝐿(𝑠𝑡,𝑎𝑡,𝑔𝑡) =  𝑓𝑔𝑜𝑎𝑙(𝑠{𝑡+1},𝑔𝑡) − 𝑓𝑔𝑜𝑎𝑙(𝑠𝑡,𝑔𝑡) +  𝜂 ·  𝑅𝑒𝑛𝑔𝑎𝑔𝑒𝑚𝑒𝑛𝑡(𝑎𝑡)                           (7) 

Where 𝑓𝑔𝑜𝑎𝑙  measures progress toward the current goal, and η balances intrinsic goal pursuit with immediate 

engagement maintenance. 

 

Composite Reward Function 

The total system reward integrates multiple pedagogical objectives shown in equation (8): 

𝑅𝑡𝑜𝑡𝑎𝑙 =  𝛼 · 𝑅𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 +  𝛽 · 𝑅𝑒𝑛𝑔𝑎𝑔𝑒𝑚𝑒𝑛𝑡 +  𝛾 · 𝑅𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 +  𝛿 · 𝑅𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛     (8) 

Where: 𝑅𝑘𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 =  𝛥(𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑𝑚𝑎𝑠𝑡𝑒𝑟𝑦𝑙𝑒𝑣𝑒𝑙
); 𝑅𝑒𝑛𝑔𝑎𝑔𝑒𝑚𝑒𝑛𝑡  = normalized click-through and session duration; 

𝑅𝑒𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =  (
𝑙𝑒𝑎𝑟𝑛𝑖𝑛𝑔𝑔𝑎𝑖𝑛

𝑡𝑖𝑚𝑒𝑠𝑝𝑒𝑛𝑡
) ; 𝑅𝑟𝑒𝑡𝑒𝑛𝑡𝑖𝑜𝑛  = performance on delayed post-assessments; and 𝛼 +  𝛽 +  𝛾 +  𝛿 =  1. 

 

HRL-VCO Training Algorithm 

Algorithm 1: HRL-VCO Training Procedure 

Input: Environment E, Replay Buffer 𝐷𝐻 , 𝐷𝐿 , Episodes 𝑁𝑒𝑝  
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Output: Optimized policies 𝜋𝐻(𝜃𝐻), 𝜋𝐿(𝜃𝐿) 

1. Initialize 𝜃𝐻 , 𝜃𝐿 , 𝜃𝐻𝑡𝑎𝑟𝑔𝑒𝑡
, 𝜃𝐿𝑡𝑎𝑟𝑔𝑒𝑡

 randomly 

2. Initialize LSTM knowledge tracer with pre-trained weights 

3. For episode e = 1 to 𝑁𝑒𝑝  do: 

4.   Observe initial state 𝑠0 from environment 

5.   Compute learner state vector 𝑠0 via LSTM encoder 

6.   While session not terminated: 

7.     HLC selects goal: 𝑔𝑡 =  𝜋𝐻(𝑠𝑡; 𝜃𝐻) [ε-greedy] 

8.     While goal 𝑔𝑡  not achieved and session active: 

9.       LLC selects action: 𝑎𝑡 =  𝜋𝐿(𝑠𝑡,𝑔𝑡; 𝜃𝐿) 

10.       Execute 𝑎𝑡 , observe (𝑠{𝑡+1}, 𝑟𝐿 , 𝑑𝑜𝑛𝑒) 

11.       Store (𝑠𝑡 , 𝑔𝑡 , 𝑎𝑡 , 𝑟𝐿 , 𝑠{𝑡+1}) in 𝐷𝐿  

12.       Sample mini-batch from 𝐷𝐿; update 𝜃𝐿 via Adam 

13.       Update LLC target: 𝜃𝐿𝑡𝑎𝑟𝑔𝑒𝑡
←  𝜏𝜃𝐿 + (1 − 𝜏)𝜃𝐿𝑡𝑎𝑟𝑔𝑒𝑡

 

14.     End while (goal loop) 

15.     Compute 𝑅𝐻;  𝑆𝑡𝑜𝑟𝑒 (𝑠𝑔 , 𝑔𝑡 , 𝑅𝐻 , 𝑠{𝑡+1})𝑖𝑛 𝐷𝐻 

16.     Sample mini-batch from 𝐷𝐻; update 𝜃𝐻 via Adam 

17.     Every C step: 𝜃𝐻𝑡𝑎𝑟𝑔𝑒𝑡
←  𝜃𝐻 

18.   End while (session loop) 

19. End for (episode loop) 

20. Return optimized (𝜋𝐻 , 𝜋𝐿) 

Algorithm 1 presents the complete HRL-VCO training procedure 

 

4. Results and Discussion 

The HRL-VCO architecture was realized using Python 3.10 and PyTorch 2.1.0 as the backbone deep learning 

platform. Below is the list of the software stacks used for HRL-VCO implementation. The HRL-VCO model was 

coded based on a solid software stack, which includes Python 3.10 and PyTorch 2.1.0. For Reinforcement 

Learning (RL), the studies used an extended version of Stable-Baselines3 with OpenAI Gym 0.26.2; meanwhile, 

the deep knowledge tracing algorithm was coded with pyKT as the base method. Scientific computation and data 

visualization are based on popular scientific computing libraries such as Pandas, NumPy, SciPy, Matplotlib, and 

Seaborn. Training was carried out on a high-end computer equipped with an NVIDIA A100 80GB GPU, 256GB 

RAM, and an Intel Xeon Gold 6338 CPU to support the large-scale computational requirements.  

The training process was done over 500 episodes, where each episode is one whole student learning session. The 

LSTM-based knowledge tracer underwent pre-training of 50 epochs on the EdNet train split before HRL training 

began [19]. 

All the experiments were done using the EdNet dataset (KT1 split). Important features of the dataset include. 

Experiments were carried out based on the HRL-VCO framework, which used the EdNet-KT1 dataset. The dataset 

is a large repository that was obtained from Santa (Riiid Labs) in Korea. The data spans over a period of four 

years, from 2017 to 2020, and includes a total of 131 million records of interactions from 784,309 students who 

attempted 13,169 questions involving 188 different knowledge concepts. Each individual learner, on average, 
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interacted with 167.6 questions, of which the average correct response percentage was 65.5%. For experimental 

rigor, the data were partitioned into a 70% training, 15% validation, and 15% testing split.  

The HRL-VCO system leverages an advanced hyperparameter configuration for optimal macro and micro 

management in the training process. For the learner states and exercise embeddings, the LSTM hidden size is 

256, and the embedding dimension is 64, respectively. The learning rate differs for both controllers, with the HLC 

at 1 × 10−4 and LLC at 5× 10−4. In addition to this, the system uses discount factors of 0.99 and 0.95, respectively. 

The training includes a replay buffer of 100,000, a mini batch size of 256, and linear epsilon decay from 1.0 to 

0.01. Furthermore, the number of goals in the goal space is 12. Finally, the system considers a composite reward 

function that has weights of 0.4, 0.3, 0.2, and 0.1 on four pedagogical objectives over 500 training sessions. 

The evaluation was conducted using several performance metrics described by the following equations (9), (10), 

(11), (12), (13), (14), and (15): 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
(𝑇𝑃 +  𝑇𝑁)

(𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁)
                                                                                    (9) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
 𝑇𝑃

(𝑇𝑃 +  𝐹𝑃)
                                                                                                                 (10) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

(𝑇𝑃 +  𝐹𝑁)
                                                                                                                       (11) 

𝐹1 − 𝑆𝑐𝑜𝑟𝑒 =  
2 ×  (𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  𝑅𝑒𝑐𝑎𝑙𝑙)

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙)
                                                                                      (12)     

𝐴𝑈𝐶 − 𝑅𝑂𝐶: 𝐴𝑈𝐶 =  ∫ 𝑇𝑃𝑅(𝐹𝑃𝑅−1(𝑡))𝑑𝑡 
01

                                                                               (13) 

𝑀𝑒𝑎𝑛 𝑅𝑒𝑤𝑎𝑟𝑑 (𝑀𝑅) =  (
1

𝑁𝑒𝑝

) 𝛴
{𝑒=1}

{𝑡=1}
𝑡𝑜𝑡𝑎𝑙(𝑡)
{𝑇}𝑅

{𝑁𝑒𝑝}𝛴                                                                               (14) 

 𝐾𝑛𝑜𝑤𝑙𝑒𝑑𝑔𝑒 𝐺𝑎𝑖𝑛 =
(𝑃𝑜𝑠𝑡 − 𝑡𝑒𝑠𝑡 𝑆𝑐𝑜𝑟𝑒 −  𝑃𝑟𝑒 − 𝑡𝑒𝑠𝑡 𝑆𝑐𝑜𝑟𝑒)

𝑃𝑟𝑒 − 𝑡𝑒𝑠𝑡 𝑆𝑐𝑜𝑟𝑒
 ×  100%                          (15) 

Table 1 presents the comprehensive performance comparison of HRL-VCO against five baseline models. 

 

Table 1: Performance comparison across all models 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) AUC Mean Reward KG (%) 

Supervised Learning 78.6 76.4 75.8 76.1 0.814 142.3 18.4 

DQN (Flat RL) 83.2 81.7 80.9 81.3 0.856 198.7 23.1 

PPO (Flat RL) 85.7 84.3 83.6 83.9 0.871 218.4 26.8 

A3C (Flat RL) 84.9 83.1 82.4 82.7 0.863 209.6 25.3 

SAKT (Attn. KT) 86.3 85.0 84.7 84.8 0.879 NA 27.4 

HRL-VCO (Ours) 91.4 90.1 88.6 89.3 0.931 266.3 34.7 

 

Figure 2 presents bar chart representations of key metrics. HRL-VCO demonstrates consistent and statistically 

significant superiority across all evaluated dimensions. 

From graph analysis, the following conclusions can be drawn. Firstly, the HRL-VCO model attains 91.4% accuracy, 

which is a significant statistical 5.1 percentage point better than the most accurate baseline (SAKT at 86.3%) 

with p-value <0.001 using paired t-test. Secondly, the average reward of 266.3 obtained by the HRL-VCO model 

is 34.2% greater than the best flat RL baseline model (PPO at 218.4), thus proving that hierarchical policy 

decomposition is useful for optimizing educational performance over a long period. Lastly, the Knowledge Gain 

metric proves that the HRL-VCO model is able to attain 34.7% average improvement from the pre-test to post-

test results, while SAKT and PPO can only achieve 27.4% and 26.8%, respectively, validating real-world 

educational effectiveness beyond prediction accuracy alone. 
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Figure 2: Accuracy comparison across models 

 

The AUC value of 0.931 obtained from HRL-VCO demonstrates outstanding discrimination power when 

forecasting students' knowledge statuses. The small difference between precision (90.1%) and recall (88.6%) 

reveals that there is a little conservative tendency in estimating knowledge acquisition, which is an ideal 

characteristic of educational scenarios where the false positive rate outweighs the false negative rate. 

An ablation test was performed to evaluate the effectiveness of each component of HRL-VCO. The outcomes of 

four configurations of HRL-VCO are summarized in table 2: 

Table 2: Ablation study results 

Configuration Description Accuracy (%) Mean Reward KG (%) 

HRL-VCO (Full) Complete the proposed model 91.4 266.3 34.7 

HRL-VCO w/o Hierarchy Single-level policy only 85.7 218.4 26.8 

HRL-VCO w/o LSTM Encoder Random state features 79.3 156.2 19.1 

HRL-VCO w/o Composite Reward Only correctness reward 86.8 223.1 27.6 

HRL-VCO w/o Goal Intrinsic Reward No LLC intrinsic signal 88.2 241.7 30.2 

 

Ablation studies provide strong evidence in favor of the necessity of all architectural elements. Experiments 

involving ablation of hierarchy reveal the biggest performance degradation: -5.7% accuracy, -18.0% mean 

reward, and -7.9% KG. Such results support the main assumption of the study, which suggests that the 

hierarchical temporal decomposition technique should be employed in order to handle both curriculum- and 

interaction-based decisions. Another ablation study involving the omission of the LSTM learner state encoder 

yields the strongest performance degradation (-12.1% accuracy), proving the necessity of precise learner state 

estimation. Experiments in which a composite reward is replaced by correctness reveal 7.1% decrease in KG, 

confirming that multi-objective optimization better aligns agent behavior with real educational outcomes. 

The HRL-VCO system is vastly superior to flat RL and supervised methods because it handles both macro and 

micro aspects. The effectiveness of the system justifies the hierarchical breakdown of long-term learning 

processes. Programmers must embrace hierarchical design and reward mechanisms comprising engagement and 

efficiency, along with accuracy, to ensure that intelligent tutoring systems emulate the learning experiences of 

students in the real world. The possibility of a 34.7 percent increase in knowledge acquisition implies that 

technology-driven, intelligent agents can help decrease dropouts and offer personalized teaching. This 

represents an evolutionary step forward in virtual pedagogy. The present assessment method uses clickstream 
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information without considering the emotional state of students. Moreover, the system needs extensive datasets 

such as those available in EdNet for training purposes.  

 

5. Conclusion 

The introduction of the HRL-VCO method can be considered a breakthrough in the realm of adaptive learning 

since it is able to effectively cope with both macro and micro aspects of the learning process. In contrast to regular 

flat reinforcement learning, which has issues dealing with the multi-layered nature of education, the presented 

hierarchical system manages to obtain 91.4% accuracy along with 34.2% gain in mean reward compared to other 

approaches. This proves the effectiveness of a hierarchical decomposition scheme applied to long-horizon 

educational tasks, as well as the effectiveness of modeling student behavior separately on different levels of 

abstraction. It is therefore highly recommended for developers of intelligent tutoring systems to move from 

regular static models of instruction to hierarchical ones. Moreover, using composite reward functions including 

engagement, time-efficiency, and memory instead of only correct answers would help better simulate real-life 

achievements.  The significance of this development is far-reaching, considering the 34.7% mean knowledge 

acquisition attained by HRL-VCO demonstrates the capacity of data-enabled systems to significantly alleviate 

high attrition rates and deliver personalized instruction on a worldwide basis. This marks a move towards a more 

dynamic form of virtual teaching in which intelligent systems offer immediate feedback to learners. Yet, there are 

still some restrictions that must be acknowledged. Present performance assessments depend mainly on 

clickstream and response records, but may neglect significant emotional and physiological responses. In 

addition, the algorithm's dependence on large amounts of data, such as the EdNet dataset (131 million 

interactions), could create obstacles for small organizations with limited data histories.  
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