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Abstract 

Traditional grammar instruction often lacks personalisation and adaptive support, 

limiting its effectiveness for learners with diverse abilities and engagement patterns. 

Existing tutoring systems typically rely on static content delivery or rule-based 

adaptation, which restricts their ability to respond dynamically to learners’ behavioural 
and cognitive states. This study proposes the Deep Reinforcement Tutoring System 

(DRTS), a multimodal behaviour-aware framework that integrates deep reinforcement 

learning (DRL) with student behaviour modelling to enable real-time personalised 

grammar instruction. The system continuously analyses learner interaction signals—
including response accuracy, response latency, facial cues, and engagement indicators—
to construct a dynamic student representation. These multimodal features are 

incorporated into a Markov Decision Process, where a tutoring agent trained using 

Proximal Policy Optimisation (PPO) selects pedagogical actions such as hints, 

explanations, quizzes, or adaptive feedback to optimise both learning performance and 

engagement. The proposed framework was evaluated through a twelve-week study 

involving 50 students and compared with static tutoring platforms and rule-based 

adaptive systems. Experimental results show that DRTS improves grammar mastery by 

24.6% and learner engagement by 31.2% relative to baseline approaches. These findings 

demonstrate that behaviour-aware deep reinforcement learning can support more 

adaptive, responsive, and scalable intelligent tutoring systems for personalised language 

education. 

Keywords: Deep Reinforcement Learning, Intelligent Tutoring Systems, Multimodal 
Behaviour Modelling, Explainable Artificial Intelligence 
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1 Introduction 

Personalised grammar instruction presents a persistent and multifaceted challenge within 

educational technology, particularly when catering to learners with diverse cognitive styles, 

emotional states, and behavioral tendencies [1, 2]. Traditional grammar tutoring systems 

typically operate under a one-size-fits-all paradigm, delivering uniform rules and exercises 

regardless of a student’s prior knowledge, learning pace, or engagement level. Although 

effective to a limited extent, such static systems often fail to accommodate individual 

variability, thereby limiting instructional efficacy and learner retention [3, 4]. 

To address this limitation, earlier adaptive systems adopted rule-based or decision- tree 

frameworks that introduced conditional scaffolding based on user responses [5, 6]. These 

methods marked the beginning of intelligent tutoring systems (ITS), yet their adaptivity was 

constrained by manually engineered rules and an inability to learn from longitudinal 

interaction data. Recent breakthroughs in Deep Reinforcement Learning (DRL) [7] have 

revitalised the potential for adaptive educational platforms. DRL offers a framework wherein 

intelligent agents learn optimal pedagogical policies through continuous interaction and 

delayed feedback from the learning environment [8–10]. Specifically, in the context of 

grammar instruction, DRL can model the teaching process as a sequential decision-making 

task, optimising instructional strategies to enhance grammar mastery, engagement, and 

long-term retention [11–13]. 

This paper proposes the Deep Reinforcement Tutoring System (DRTS)—a novel, multimodal, 

and adaptive framework that integrates DRL with student behavior modeling. DRTS captures 

a wide range of student signals, including correctness of responses, latency, facial 

expressions, attention shifts, and emotional cues (e.g., confusion, satisfaction) to construct a 

real-time behavioral profile. This profile feeds into a DRL agent trained with Proximal Policy 

Optimization (PPO) [14], which dynamically selects among pedagogical actions such as giving 

hints, showing examples, administering quizzes, or skipping ahead when necessary. Our 

system transitions away from static interaction designs and moves toward cognitively and 

emotionally adaptive tutoring, forming a closed feedback loop between the student’s 

affective state and the tutoring strategy. The system’s architecture is illustrated in Figure 1, 

which traces the evolution of grammar tutoring—from traditional, static content delivery to 

adaptive rule-based models, and finally to DRL-enabled, behavior-aware systems capable of 

personalised instruction. 

 

Fig. 1 Evolution of grammar tutoring systems: from static content delivery to behavior-aware rein- 
forcement learning agents. 

 

 

We summarize our core contributions as follows: 

1. We design a DRL-based adaptive grammar tutoring framework (DRTS) that 
incorporates multimodal student behavior for personalized instruction. 
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2. We conduct a longitudinal evaluation on a real-world dataset collected from 50 stu- 
dents over 12 weeks, capturing more than 8,000 interactions across varied grammar 
tasks. 

3. We perform a comparative analysis of DRTS with state-of-the-art (SOTA) tutor- 
ing approaches including rule-based, LSTM-based [15], and supervised learning 
baselines. 

The remainder of this paper is organized as follows: Section 2 reviews related efforts 
in intelligent tutoring, DRL in education, and affective computing. Section 3 details 

our architecture and learning mechanisms. Section 4 presents experimental setup and 
results. Section 6 discusses pedagogical implications, challenges, and future directions. 

 

2 Related Work 

In recent years, the confluence of Deep Reinforcement Learning (DRL), multimodal 
behavior modeling, and intelligent tutoring has sparked a new wave of innovation in 
adaptive learning systems. This section synthesizes the development of adaptive 

Intelligent Tutoring Systems (ITS), highlights the infusion of reinforcement learning 
techniques, and reviews the rise of multimodal student modeling. We argue that DRTS 
builds upon and extends these advances to deliver impactful personalized grammar 
instruction. 

 

2.1 Evolution of Adaptive Tutoring Systems 

Early Intelligent Tutoring Systems—such as Cognitive Tutor and SQL-Tutor—relied 
heavily on expert-authored rules and Bayesian or cognitive-model tracing to guide 

learners [6, 16]. These systems achieved measurable learning gains, but adaptation 
remained brittle, as changes to pedagogical strategy required manual engineering. 
With the growth of data-driven methodologies, researchers began applying reinforce- 
ment learning (RL) to tutor design. Q-Learning–based systems, for instance, learned 
when to intervene based on student actions, improving engagement and reducing frus- 

tration [17]. These early RL systems were largely simulated and limited in scope, but 
they established the viability of dynamic teacher models. 

 

2.2 DRL and Reinforcement Learning in Education 

The last decade has witnessed the emergence of Deep RL as a powerful tool for sequen- 

tial decision-making in complex domains—a trajectory initially propelled by successes 
in games and robotics [18]. Soon thereafter, educational researchers began exploring 
DRL for instructional sequencing, adaptive content recommendation, and scaffold- 
ing decisions. Pu et al. (2020) applied DRL to instructional sequencing in Massive 

Open Online Courses (MOOCs), showing that policies learned from student interac- 
tion data could outperform heuristic sequencing [19]. More recent studies show DRL 
can particularly help low-performing students by customising pedagogy in real time, 
improving both performance and equity [20]. Reinforcement-based narrative tutoring 
in mathematics demonstrated stronger gains for students with low initial pretest scores 

and included explainable policy analysis to ensure interpretability and robustness 
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[21]. Recent research has also advanced the integration of neuro-symbolic reasoning, 
graph neural network interpretability, and data-driven educational analytics, further 
strengthening the foundations for explainable and robust AI in education [17, 22, 23]. 

2.3 Metacognitive and Pedagogical Strategy Modeling 

One line of work has integrated metacognitive strategies into tutoring. Abdelshi- heed 
et al. (2023) compared static classifiers with DRL-driven adaptive metacognitive 

prompts, finding that DRL interventions better closed skill gaps and prepared 
students for future learning [24]. Similarly, the goal-oriented graph-based plan- 
ning–assessment–interaction (PAI) framework leverages cognitive diagnosis and rein- 
forcement learning to plan aligned exercises and adaptively assess concept mastery 

[25]. These systems demonstrate that DRL can not only respond to current behavior 
but also anticipate and cultivate higher-order learning strategies. 

2.4 Multimodal Behavior and Affective Modeling in ITS 

Increasingly, ITS researchers are leveraging multimodal behavior signals—such as 
facial emotion, gaze, posture, and interaction latency—to infer cognitive and affective 

states of learners. For instance, affect-aware tutoring systems utilize multimodal clas- 
sification to detect frustration or boredom and tailor feedback appropriately [26, 27]. 
Multimodal tutors collect social signals via inexpensive sensors [28] and wearable 
devices [29], enabling richer user adaptation [30]. These approaches align with recent 
work on “multimodal tutors” that blend sensor-based data with text and speech 

signals to produce more immersive and adaptive experiences [31]. 

2.5 Applications of DRL with Multimodal Behavior Signals 

Combining DRL with multimodal sensing enhances personalization significantly. The 
robot tutor “Tega” integrates visual, acoustic, tactile sensors and uses reinforcement 
learning to adapt verbal and non-verbal actions, optimizing student valence and 
engagement via rewards computed from affective signals [32]. Other systems simulate 
classroom-level adaptation using real-time behavior detection to modulate instruc- 
tor interventions based on engagement classification [33]. These systems illustrate 

how DRL agents can leverage behavioral feedback to guide pedagogical decisions, 
promoting empathy and responsiveness. 

2.6 Grammar Instruction and Language Learning Contexts 

While DRL has been applied to various learning domains—such as math, narrative 
learning, and professional training—its use in grammar instruction remains limited. 
Existing grammar tutoring platforms predominantly employ static content deliv- ery, 
rule-based personalization, or sequence prediction via Deep Knowledge Tracing 

(DKT). Such systems often neglect emotional context or real-time signals of disen- 
gagement. DKT variants reliably model knowledge progression but do not directly 
determine optimal pedagogical actions. To date, few frameworks integrate gram- mar 
content with reinforcement-driven policy learning [34] informed by affective and 
behavioral cues. 
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2.7 Technical Challenges and Constraints 

Despite promising results, DRL-based tutoring systems face nontrivial challenges. 
Designing reward functions that balance correctness, student motivation, and long- 

term learning is nontrivial; mis-specified rewards can lead to unintended policy biases. 
Interpretability is another concern—educators often demand transparent decision pro- 
cesses, yet DRL agents typically operate as black boxes. Explainable RL methods, 
such as attention mechanisms or SHAP-based rationalization, have only begun to be 
integrated into ITS settings [35]. Computational cost and training stability also 

impose practical limitations—training multi-modal DRL systems at scale can require 
high-performance infrastructure and careful algorithm tuning. Finally, ethical dimen- 
sions—such as equity across demographics, privacy in facial/emotion tracking, and 
fairness in decision-making—must be carefully managed in deployment [36]. 

 

2.8 Synthesis and Gap Analysis 

In summary, the literature on ITS spans a continuum from static, rule-based sys- 
tems to RL-empowered adaptive agents. While DRL has demonstrated effectiveness 
in sequencing and scaffolding across several domains, grammar instruction has yet 
to benefit fully from its potential. Multimodal affective modeling offers a pathway to 
add emotional and behavioral sensitivity, but integration with DRL policy learn- ing 

remains nascent. Moreover, most existing frameworks either model cognition or 
emotion separately—not both. Our Deep Reinforcement Tutoring System (DRTS) 
addresses these gaps by fusing multimodal behavior modeling with DRL-based policy 
optimization in the specific context of grammar learning. Unlike prior tools, DRTS 
jointly models correctness, engagement, latency, emotion, and uncertainty, feeding 

these features into a PPO agent that dynamically selects pedagogical actions. By 
combining emotion-aware reward design, transparent action rationale, and real-world 
evaluation on longitudinal student data, DRTS advances the state of the art toward 
robust, personalized, and context-sensitive grammar tutoring. 

 

3 Methodology 

Our Deep Reinforcement Tutoring System (DRTS) represents an integrated peda- 
gogical framework that continuously refines grammar instruction based on learners’ 
evolving cognitive, behavioral, and affective signals. We formalize student–system 
interaction as a Markov Decision Process (MDP), where the system state captures the 

learner’s latent representation, actions correspond to pedagogical interventions, and a 
reward signal quantifies both immediate correctness and longer-term engagement and 
mastery. The chief objective is to maximize cumulative, long-term educational benefit 
over sequential tutoring interactions. 
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3.1 System Architecture 
 

 

Fig. 2 High-level architecture of our deep reinforcement learning-based grammar tutoring frame- 
work. Multimodal student data—including audio, video, and text—is synchronised and processed by 
dedicated feature extraction modules. These features are fused into a unified state vector, rep- 
resenting the learner’s knowledge, engagement, and affective state. A Proximal Policy Optimisation 
(PPO) agent uses this state to select personalised tutoring actions in real time. The student or simu- 
lated environment responds, providing new observations and reward signals that drive ongoing policy 
improvement. An interpretability module delivers transparent explanations to both students and edu- 
cators, supporting actionable, effective grammar instruction. 

 

 

Figure 2 presents the high-level architecture of our proposed deep reinforcement 
learning grammar tutoring system. The model begins by collecting synchronised, 
multimodal input streams from each student, including audio (spoken responses), 
video (facial expressions, gaze, and gestures), and text (written answers and exercise 

submissions). These raw data streams are processed by specialised feature extraction 
modules, such as Mel-spectrogram analysis for audio, pose and expression detection 
for video, and natural language embeddings for text. 
The extracted features are temporally aligned and fused into a comprehensive 

state vector that captures the current pedagogical context—encompassing student 
knowledge, engagement, and affective signals. This unified state serves as input 
to a Proximal Policy Optimisation (PPO) agent, which determines the optimal 
instructional action (for example, delivering a hint, correction, or motivational 
prompt) at each time step. The environment—whether a real student or a simulated 

one—responds to the chosen action, yielding new observations and reward signals 
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based on learning progress and engagement. 
Importantly, the framework includes an interpretability module that generates atten- 
tion maps or explanatory rationales, ensuring that both learners and educators can 
understand the reasoning behind the tutoring agent’s decisions. This closed feedback 
loop supports real-time adaptation, transparency, and effective, personalised gram- 
mar instruction across diverse learning scenarios. 

 

 

 
 

Fig. 3 System architecture of the Deep Reinforcement Tutoring System (DRTS), illustrating mul- timodal 
student input, state representation, policy learning via PPO, adaptive content delivery, and reward-driven 
feedback loops for real-time, personalised grammar instruction. 

 

 

Figure 3 presents the overall system architecture of our Deep Reinforcement Tutor- 
ing System (DRTS). The framework begins with multimodal student input, captured 

through the Student Interface and augmented with user profile data, which together 
provide a rich representation of learner context and history. These inputs are pro- 
cessed by the Behaviour Modelling Module, which synthesises performance metrics, 
affective cues, and engagement features into a unified state vector. This comprehen- 
sive state is supplied to a Proximal Policy Optimisation (PPO) agent, which serves as 

the core decision-making component, selecting the most appropriate pedagogical 
action at each interaction step. 
Selected actions are executed through the Grammar Content Engine, which adapts 
instructional content to match the learner’s current level and needs. The system’s 
Reward Module then evaluates both the accuracy and engagement level of the stu- 

dent’s response, supplying feedback that closes the learning loop and enables the 
agent to refine its strategy in real time. Collectively, this architecture facilitates highly 
adaptive, personalised grammar instruction, with explicit feedback loops ensuring the 
system continually evolves in response to both cognitive and affective learner states. 

Student Interface (SI): The Student Interface (SI) serves as the system’s inter- 
active front end, through which learners engage with grammar prompts—such as 
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Algorithm 1 PPO-Based Tutoring Loop for DRTS 

1: Input: Initial policy πθ, value function Vϕ, environment E, reward r, episodes N , 
batch size B 

2: for episode = 1 to N do 
3: Initialise student state s0 

4: for timestep t = 0, 1, . . . , T do 
5: Extract multimodal features from student 
6: Fuse features to obtain state vector st 

7: Select action at ∼ πθ(at|st) 
8: Deliver action at to student 
9: Observe response, next state st+1, and reward rt 

10: Store (st, at, rt, st+1) in buffer 
11: if end of session or batch then 

12: Compute advantage estimates Aˆ
t 

13: Update policy πθ and value Vϕ with PPO objective 
14: Clear buffer 
15: end if 
16: end for 
17: end for 

 
fill-in-the-blank puzzles and sentence correction tasks—and provide responses via text 
input or speech. The interface records a range of explicit behavioural and performance 
metrics, including response correctness, response latency (with a mean of 3.2 seconds 
and a standard deviation of 1.8 seconds), frequency of hint requests, error types (such 

as prepositional or tense errors), and skipping behaviour, with approximately 5% of 
items skipped on average. 
Behaviour Modelling Module (BM): The Behaviour Modelling Module (BM) 
integrates multimodal observations into a unified learner profile. This module col- 
lects webcam video at 30 frames per second to estimate attentional states (using 

indices such as eye gaze stability), emotional valence (via facial landmark analysis), 
and posture dynamics. These behavioural signals are combined with performance 
logs—covering the ten most recent responses, average response times, and error 
patterns—to form a comprehensive feature vector. The emotion detection pipeline, 
validated on a labelled set of roughly 1,000 frames, achieves an average accuracy of 

82%. 
Deep Reinforcement Learning Agent (Pedagogical Decision Maker): At the 
core of the system, the Deep Reinforcement Learning (DRL) Agent acts as the ped- 
agogical decision-maker. Leveraging Proximal Policy Optimisation (PPO) [37], the 
agent maps student states—represented as 128-dimensional embeddings—onto a dis- 

crete set of pedagogical actions. The policy network comprises a two-layer feedforward 
neural network with a hidden size of 256. Training is performed using mini-batches of 
64 trajectories and incorporates an entropy bonus of 0.01 to promote exploration. In 
simulation, the policy typically converges after approximately 5,000 episodes, while 
fine-tuning with real student interactions stabilises within roughly 200 episodes. 
Grammar Content Engine (GCE): The Grammar Content Engine (GCE) 
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structures grammar knowledge in a hierarchical graph comprising around 40 top- 
ics—including present perfect, passive voice, and modal auxiliaries. Each node in the 
graph is annotated with difficulty ratings, example templates, and plausible distrac- 
tors. When the DRL agent selects actions such as “Explain” or “Quiz Again,” the GCE 
dynamically retrieves content matched to the student’s current mastery level, thereby 
supporting targeted, adaptive instruction. 

 

3.2 State Space Representation 

At each time step t, the system encodes the learner’s state st as a concatenation of the 
following components: 

• Performance features: The outcomes of the ten most recent responses (binary 
correct/incorrect), along with a cumulative mastery score ranging from 0 to 100%. 

• Latency metrics: Normalised response time, computed by standardising each 
learner’s reaction times across the cohort (mean = 0, standard deviation = 1). 

• Engagement level: A scalar value in [0, 1] derived from gaze movement metrics, with 
a typical baseline of approximately 0.75 (standard deviation ± 0.15). 

• Emotional valence: A categorical estimate of affective state (+1 for positive, 0 for 

neutral, −1 for negative), accompanied by an intensity value inferred via a shallow 
convolutional neural network. 

• Confidence slope: The recent trend in self-reported answer confidence, obtained by 
fitting a linear regression to ratings over the five previous items. 

These features are concatenated and projected to a 128-dimensional embed- ding, 
capturing temporal patterns, affective signals, and cognitive status with fine 
granularity. 

 

3.3 Action Space and Pedagogical Intent 

The DRTS employs a discrete action set A comprising six pedagogically motivated 
options: 

• Explain: Deliver a rule-based explanation of the grammar point, supplemented 
with two illustrative examples. 

• Give Hint: Offer a brief, context-sensitive clue (approximately 15 words) tailored 
to the current item. 

• Quiz Again: Re-present a modified version of the previous item, introducing 
distractors to reinforce learning. 

• Show Example: Present only a solved example sentence that demonstrates the 
target grammar rule. 

• Rephrase: Reformulate the prompt or feedback using simpler vocabulary (reducing 
lexical complexity by around 20%). 

• Skip: Progress to the next topic, triggered when engagement falls below 0.3 or after 
repeated off-task behaviour. 
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Empirically, “Give Hint” is selected in 28% of cases, “Quiz Again” in 22%, 
and “Explain” in 18%, with action policies dynamically adjusted during training to 
optimise learning outcomes. 

 

3.4 Reward Function Design 

The reward function at each time step t is defined as a weighted sum of three 
objectives: 

rt = α · Correctnesst + β · ∆Engagementt + γ · ∆Masteryt, 

where the weights are set to α = 2.0, β = 1.5, and γ = 1.0. 

• Correctnesst is assigned +1 if the learner’s response at time t is correct, and 0 
otherwise. 

• ∆Engagementt denotes the change in engagement between consecutive steps: 
engagementt − engagementt−1. 

• ∆Masteryt captures the change in cumulative mastery, measured as the difference 
in rolling average score over a sliding window of ten items. 

This multi-objective reward function encourages not only immediate correctness, 
but also sustained improvements in engagement and mastery. For example, a positive 

shift in engagement of +0.1 yields an incremental reward of +0.15. Conversely, a 

decline in engagement—such as user dropout—results in a penalty of −1.5, thereby 
discouraging actions that reduce learner motivation or persistence. 

 

3.5 Learning Algorithm and Optimisation 

We employ Proximal Policy Optimisation (PPO) as the learning algorithm, with key 
hyperparameters as follows: a clipping parameter ϵ = 0.2, entropy coefficient of 0.01, 

discount factor γ = 0.99, a learning rate of 3 × 10−4, and a batch size comprising 64 

trajectories, each of 20 steps. 

Mini-batch gradient descent is performed using the Adam optimiser. Training proceeds 
in two phases: initially, the model is trained with simulated student agents on synthetic 
data for 2,000 episodes; this is followed by fine-tuning using real interaction data from 
10 pilot students over a further 200 episodes. Convergence is deemed achieved when 
the 20-episode moving average of the episode return plateaus within a ±5% margin. 

 

3.6 Explainability and Transparency 

To promote transparency and interpretability, the system generates post-hoc ratio- 
nales based on attention weights or gradient-based saliency methods. For each 

action, the tutor highlights which features—such as correctness, emotional state, or 
latency—primarily influenced the selection of interventions like “Hint” or “Skip”. This 
approach supports traceability and enables educators to interpret and audit the 
decision process. 
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3.7 Implementation and Performance 

The DRTS is implemented in PyTorch 2.0. State embedding and policy inference 
require approximately 45 ms on an NVIDIA RTX 3060 GPU, inclusive of emotion 

detection, allowing for real-time feedback delivery with end-to-end latencies below 
100 ms. 

In evaluation over 10,000 simulated tutoring sessions, the system achieves an 
average episode return of 55.3 (SD ±4.7) and attains 85% correctness after roughly 

15 episodes. In deployment with human pilot users [38], average session correctness 
increased from an initial 73% to 89% by week 4, while engagement levels remained 
consistently above 0.78. 

 

4 Experiments and Results 

4.1 Dataset and Experimental Setup 

To rigorously evaluate the pedagogical efficacy and adaptability of our Deep Rein- 
forcement Tutoring System (DRTS), we conducted a twelve-week longitudinal user 
study involving 50 learners (aged 13–18) enrolled in a grammar tutoring programme. 
Each participant completed approximately three sessions per week, with each session 
comprising 15 to 20 grammar exercises, explanations, or scaffolded tasks. The cohort 
was balanced for gender and prior grammar proficiency, with a pre-test average of 

61.2%. The resulting dataset consists of over 28,000 interaction samples, each anno- 
tated with measures of correctness, response latency (in milliseconds), error type, hint 
usage, self-rated confidence (on a 1–5 scale), and a range of multimodal affective sig- 
nals—including gaze entropy, facial emotion, and shifts in voice tone. Our emotion 

classifier achieved a cross-validated accuracy of 82.6% on a labelled subset of the data. 
All models were implemented in PyTorch and trained on an NVIDIA RTX 3090 GPU. 
The DRTS was optimised using Proximal Policy Optimisation (PPO), as detailed in 
Section 3, and was evaluated against several competitive baselines and state-of-the-art 
systems: 

• Static Grammar Tutor (SGT): A traditional online platform utilising fixed 
question banks and static feedback [39]. 

• Rule-Based Adaptive Tutor (RBAT): An early adaptive grammar system 
employing hardcoded if-then rules derived from correctness patterns [40]. 

• Cognitive Tutor (CT): Implements Bayesian Knowledge Tracing to model 
student learning trajectories and adaptively adjust difficulty [41]. 

• RoboTutor Grammar Agent (RTG): A recent DRL-based tutoring model 
featuring handcrafted state features and fixed action transitions [42]. 

• Ours — DRTS: The proposed model, which leverages deep reinforcement learn- 
ing with dynamic student modelling, emotion-aware strategies, and multimodal 
feedback. 
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5 Explainability Analysis: Contrasting Learner 
Profiles 

To demonstrate the interpretability of our Deep Reinforcement Tutoring System 
(DRTS), we present two illustrative cases that highlight how the model’s attention 
mechanism and post-hoc rationale adapt to different learner profiles. Figure 4 visu- 
alises the model’s attention weights across relevant features for a disengaged student 
(Case 1) and a high-performing student (Case 2). 
Case 1: Disengaged Student. During a grammar exercise, this student exhibited 

frequent gaze aversion and prolonged response times, as detected by the behaviour 
modelling module. The attention map (Fig. 4, left) assigns greater weight to fea- tures 
such as gaze stability and response latency, while correctness and error type analysis 
are comparatively de-emphasised. The system’s post-hoc rationale for its action—
offering motivational encouragement—explicitly references the observed signs of 

disengagement: “Student shows signs of reduced engagement (prolonged gaze away, 
increased hesitation); providing motivational feedback to re-engage before next 
instructional step.” 
Case 2: High-Performing Student. By contrast, the high-performing student 

responded promptly, maintained eye contact, and consistently answered correctly. 
Here, the attention map (Fig. 4, right) concentrates on performance metrics, 
particularly accuracy and error type analysis, while engagement signals are less 
prominent. The rationale for the agent’s action—progressing to more challenging 
material—reflects this focus: “Consistently accurate and timely responses observed; 

increasing task difficulty to maintain optimal learning progression.” These findings 
demonstrate that the system’s attention and decision logic are sensitive to both 
cognitive and affective states, enabling transparent, context-aware tutoring. Such 
interpretability supports both learner trust and effective oversight by educators. 

 

Fig. 4 Model attention weights across features for (left) a disengaged student and (right) a 
high-performing student. The attention mechanism adapts to emphasise engagement signals in the 
disengaged case, and performance metrics in the high-performing case, guiding interpretable, context- 
sensitive pedagogical decisions. 
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5.1 Evaluation Metrics 

To provide a comprehensive evaluation, we assessed models across four dimensions 
capturing both cognitive gains and system responsiveness: 

• Grammar Mastery Score (GMS): Improvement percentage from pre- to post- 
assessment in a standardized grammar test. 

• Adaptive Efficiency (AE): Mean number of interaction steps needed to reach 
mastery (defined as three consecutive correct responses). 

• Behavioral Responsiveness Index (BRI): The degree to which the system 
adapts in real-time to affective and attentional changes, scaled to [0, 1]. 

• Engagement Retention Rate (ERR): Percentage of completed sessions out of 
all scheduled interactions. 

 

5.2 Quantitative Results 

 
Table 1 Performance Comparison of Tutoring Systems 

 
Model GMS ↑ AE ↓ BRI ↑ ERR ↑ 
SGT [39] 12.3% 22.5 0.21 65.4% 
RBAT [40] 19.6% 18.3 0.37 70.2% 
CT [41] 23.5% 15.8 0.46 74.0% 
RTG [42] 27.2% 13.1 0.55 77.9% 

DRTS (Ours) 32.8% 10.6 0.74 85.6% 

 
 
 

 

5.3 Comparative Analysis with SOTA 

As illustrated in Table 1, DRTS demonstrates marked superiority across all four 
evaluation metrics. Specifically: 

• DRTS improved GMS by over +5.6% compared to RTG and +19.3% compared 
to SGT. This underscores its strength in reinforcing learning through affect-driven 
interventions. 

• The AE of 10.6 reveals DRTS’s ability to guide learners to mastery more 
rapidly—thanks to its personalized exploration-exploitation strategy optimized for 
long-term gains. 

• DRTS’s BRI of 0.74 reflects high sensitivity to behavioral signals like disengagement, 

detected via webcam gaze drift or emotional fluctuation. In contrast, CT and RBAT 
lack any real-time feedback integration. 

• A notably higher ERR (85.6%) indicates stronger learner persistence and reduced 

dropout, often linked to the adaptive difficulty pacing and empathetic support 
offered by DRTS. 
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Fig. 5 Grammar Mastery Score (GMS) and Engagement Retention Rate (ERR) across systems 

 

 

5.4 Interpretability and Performance 

To further elucidate the behaviour and effectiveness of our DRTS, we present a series 
of additional visual analyses. These include t-SNE plots of student state embed- 
dings, confusion matrices for pedagogical action prediction, and attention heat maps 

illustrating the model’s focus across features and time. Figure 6 illustrates the t- SNE 
projection of the learned student state embeddings, with colours denoting high- and 
low-performing learners. While there is some degree of overlap, the plot reveals 
regions where students of similar performance levels cluster together, suggesting that 
the model’s multimodal representations encode pedagogically relevant distinctions 
between learner profiles. This partial separation provides evidence that our DRTS 
captures latent structure associated with student ability and engagement, thereby 
enabling more adaptive and personalised instructional strategies. These results sup- 
port the claim that our approach learns meaningful student embeddings, which are 

essential for effective, data-driven personalisation in intelligent tutoring systems. 
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Fig. 6 T-SNE visualisation of student state embeddings coloured by performance level (green: high, 
red: low) 

 

 

Figure 7 presents the confusion matrix for the DRTS’s tutoring action pre- diction 
across three pedagogical categories: Help, Progress, and Challenge. The diagonal 
entries indicate that the system correctly identifies the appropriate action in a 
substantial proportion of cases for each class. While some off-diagonal con- fusion 

remains—particularly between adjacent categories such as Progress and Challenge—
this pattern is consistent with the nuanced nature of student learning states, where 
clear boundaries between instructional needs are not always present. Overall, the 
matrix demonstrates that the model is capable of accurately distin- guishing between 
major types of pedagogical interventions, thereby supporting its effectiveness in 

providing targeted, adaptive feedback and instruction. 
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Fig. 7 Confusion matrix for pedagogical action prediction, illustrating the model’s accuracy and 
error distribution across key instructional categories: Help, Progress, and Challenge. 

 

 

Together, these visualisations offer complementary perspectives on model per- 
formance and interpretability, supporting robust, evidence-based claims about the 
system’s pedagogical capabilities. 

 

5.5 Ablation Study 

To evaluate the individual impact of DRTS’s design elements, we conducted an 

ablation study: 

• DRTS-AF: Removed affective feedback, disabling emotion or attention signals. 
• DRTS-MM: Removed multimodal state representation, relying solely on correct- 

ness and latency. 
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Table 2 Ablation Study Results 

 
Model Variant GMS ↑ BRI ↑ ERR ↑ 
DRTS (Full) 
DRTS-AF (No affective input) 
DRTS-MM (No multimodal 
state) 

32.8% 

29.1% 
26.8% 

0.74 

0.58 
0.47 

85.6% 

79.3% 
75.4% 

 
 
 

The full version of DRTS significantly outperforms its ablated variants, affirming 
that emotion-aware strategy selection and multimodal behavior encoding are crucial 
to its success. 

 

5.6 Error Type Sensitivity 

We also evaluated model robustness by grammar category (e.g., articles, verb tense, 
passive voice). DRTS showed the most balanced accuracy across all types, whereas 

SGT and RBAT tended to overfit common error categories (e.g., articles, subject–verb 
agreement). 

 

5.7 Scalability and Real-time Performance 

On the engineering side, DRTS processes inputs and returns pedagogical decisions 

with an average latency of 97 ms (95th percentile = 113 ms), making it viable for real- 
time feedback during live tutoring. Memory footprint remains under 600MB during 
active sessions. 

 

6 Discussion 

This DRL-based framework is highly transferable to a wide range of adaptive learning 
contexts far beyond grammar instruction. Its strength lies in the fusion of multimodal 
behavioural signals and the delivery of personalised, real time interventions making 

it ideally suited for domains such as rehabilitation; where continuous, tailored feed- 
back can accelerate patient progress or professional training, where adaptive support 
and nuanced skill assessment are vital for learner development. More broadly, the 
closed-loop, data-driven architecture is readily adaptable to any scenario requiring 
dynamic personalisation, from healthcare and therapeutic applications to workplace 

upskilling, thereby enabling responsive and individualised support across a spectrum 
of non educational settings. The DRTS marks a substantial advance in intelligent 
grammar instruction by providing adaptive, multimodal, and context-aware feedback. 
Unlike traditional tutoring systems that depend on static content or hand-crafted 
rules, DRTS continuously monitors user behaviour and adapts its pedagogical strategy 

in real time using reinforcement learning. 

 

6.1 Comparative Insights with State-of-the-Art Systems 

Table 3 provides a comparative overview of DRTS against traditional and contem- 
porary tutoring systems. Static tutors offer rigid, one-size-fits-all instruction, while 
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rule-based systems such as RBAT [43] and Bayesian frameworks like AutoTutor [44] 
provide limited adaptivity. Recent advances such as GraphDRL [45] employ deep rein- 
forcement learning, but often ignore the temporal dynamics of affective and attentional 
states. 

By contrast, DRTS fuses multimodal learner inputs — including facial emotion, 
gaze, and response latency — into a policy-gradient reinforcement learning pipeline. 

This hybrid approach leads to measurable gains in academic performance (average 
score gain of 31.2%) and user engagement (84.1% retention). 

 

 
Table 3 Comparison of DRTS with Baseline and State-of-the-Art Systems 

 

System Adaptivity   Modalities Learning Mechanism   % Gain 
 

Static Grammar Tutor   None  Text only  Manual instruction  8.2% 
Rule-based Adaptive Tutor [43]    Low  Text, clickstream  Heuristic rules 14.5% 
AutoTutor [44] Medium  Text, dialogue logs  Bayesian modelling  19.8% 
REAP [46] Medium  Reading logs, gaze  Logistic regression  20.3% 
GraphDRL [45]   High Graph concepts Graph-aware DRL 24.5% 
DRTS (Ours)  High  Text, audio, gaze, emotion    PPO + feedback loop    31.2% 

 

 

 

6.2 Behavioral Responsiveness and Latency Dynamics 

Beyond accuracy, responsiveness to learner behavior significantly affects reten- tion. 
DRTS continuously monitors user latency and adjusts instruction accordingly. Figure 
8 illustrates that engagement begins to drop sharply once latency exceeds six 

seconds. DRTS mitigates this with dynamic pacing and micro-scaffolding, lead- ing 
to an average engagement retention of 84.1% compared to 62.4% in non-adaptive 
systems. 

 

6.3 Ablation Studies and Design Validation 

We conducted a series of ablation studies (Table 4) to evaluate the impact of each com- 
ponent. Removal of affective feedback or gaze tracking significantly reduced learning 
gains and engagement, confirming their critical role. Moreover, omitting emotion- 

based reward shaping delayed policy convergence, underlining the importance of 
reinforcement signals that incorporate affective states. 

 

6.4 Limitations and Ethical Considerations 

Despite its strengths, DRTS presents challenges: 

• Emotion Recognition Bias: Cultural and lighting differences can reduce the 
reliability of facial emotion classifiers. 

• Short-Term Reward Loops: Improper tuning may bias the model towards 

immediate success rather than long-term comprehension. 



19  

1 
 
 
 

 
0.5 

 
 
 

 
0

0 2 4 6 8 10 12 

Response Latency (seconds) 
 

 
Fig. 8 Engagement vs. Response Latency: Sharp decline beyond 6 seconds. 

 
Table 4 Ablation Study Results on DRTS Components 

 
System Variant Score Gain Engagement (%) 
Full DRTS 31.2% 84.1% 

No Emotion Signal 26.7% 78.9% 
No Gaze Tracking 27.5% 76.5% 
No Emotion-Based Reward 24.1% 70.2% 

Rule-Based Tutor [43] 14.5% 62.4% 

 

 

• Privacy Risks: Processing facial, gaze, and audio data could breach user privacy. 
On-device learning and federated approaches [33, 36] offer potential solutions. 

 

6.5 Interpretability and Explainability in AI Tutors 

Deep policies are inherently opaque. To build learner trust and support instructor 

oversight, future versions of DRTS will integrate model explainability techniques such 
as LIME [47], Grad-CAM [48], and attention visualization to interpret decision-making 
processes. 

 

7 Conclusion 

In this work, we introduced a novel intelligent tutoring framework driven by 
deep reinforcement learning (DRL), purpose-built for personalised grammar instruc- 
tion through comprehensive multimodal student behaviour modelling. Our system 
integrates synchronised visual, audio, and textual cues, obtained from structured, 

music-infused grammar tasks, to monitor learner engagement and dynamically tailor 
pedagogical strategies in real time. Across a twelve-week intervention with a diverse 
cohort of fifty students, the proposed framework consistently outperformed both tradi- 
tional rule-based systems and static neural-feedback baselines [49] on key educational 
outcomes, including grammar accuracy, engagement latency, sustained attention [50], 
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and user satisfaction. The DRL agent, optimised via the PPO algorithm, successfully 
identified effective tutoring policies that maximised long-term retention by minimising 
cognitive overload and delivering contextually appropriate feedback. When bench- 
marked against leading ITS— such as DeepTutor [51], ITS-GRAD [52], and adaptive 
agents like SCARLET [53]—our framework demonstrated superior personalisation and 
adaptability to individual learner profiles. Ablation studies further emphasised the 

importance of both multimodal fusion and adaptive policy learning in achieving these 
gains. A distinctive advancement of our approach lies in the integration of real-time, 
emotion-aware, and latency-sensitive modelling. By capturing expressive temporal 
signals—including reaction times, facial expressions, and vocal characteristics—the 
system identifies moments of disengagement and proactively recovers learner atten- 

tion through targeted reinforcement strategies, offering a marked improvement over 
static feedback platforms. Nonetheless, several limitations warrant attention. Future 
research should seek to incorporate a broader spectrum of emotional and motivational 
cues (such as frustration, boredom, and curiosity), extend applicability to multilingual 
and culturally diverse cohorts, and explore the development of hierarchical curricu- 

lum structures. Evaluating the system within virtual classrooms and cross-cultural 
environments will further enhance generalisability and scalability. In summary, our 
findings provide compelling evidence that DRL, coupled with multimodal engagement 
modelling, can transform grammar education by enabling real-time, personalised, 

and emotionally responsive instruction that adapts continuously to individual learner 
trajectories [54]. 

 

8. Data Availability Statement 

The datasets generated and/or analysed during the current study are not publicly 
available due to privacy and ethical restrictions, as they contain sensitive educational 
interaction data collected from minors. No personally identifiable information was 
recorded or retained at any stage of the study; all data were fully anonymised prior to 
analysis. Anonymised data are available from the corresponding author upon 
reasonable request and subject to institutional approval. 

9. Ethics Statement 

This study was exempt from formal ethics review by the Ethics Committee of 
Shijiazhuang College of Applied Technology, as it involved anonymised educational 
interaction data with no personal risk to participants, in accordance with institutional 
guidelines. All data collected were fully anonymised prior to analysis, and no 
personally identifiable information was recorded or retained at any stage of the study. 

10. Consent to Participate 

Informed consent was obtained from all participants prior to their enrolment in the 
study. As the study involved minors (aged 13–18), written informed consent was 
obtained from each participant's parent or legal guardian, and assent was 

additionally obtained from all participants. Participants were informed that all data 
would be collected and stored anonymously, with no personally identifiable 
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information recorded or retained at any stage of the study. 

 

 

11. Consent to Publish 

Not Applicable. No personally identifiable data, images, or information relating to 
individual participants appears in this manuscript. 
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