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Abstract- This paper proposes a novel adaptive learning
framework integrating reinforcement learning (RL)
and transformer-based natural language processing
(NLP) to deliver real- time, personalized, pedagogically
rich feedback. Moving beyond static feedback models,
the system uses Q-learning and policy optimization to
identify student error patterns and adapt responses
dynamically. The NLP module, leveraging spaCy and
transformer architectures, generates context-specific
responses tailored to learners. A four-week controlled
experiment with 200 middle school students
demonstrated significant improvements in
performance, retention, and engagement. The system’s
scalability, ethical transparency, and user-centered
design offer promising directions for intelligent
tutoring systems.

I. INTRODUCTION

Adaptive learning systems aim to tailor educational
experiences based on student behavior, performance,
and preferences. However, many systems rely on
delayed or binary feedback, limiting opportunities for
real-time error  correction and conceptual
development. This paper introduces a next-
generation adaptive learning platform that combines
reinforcement learning and NLP to offer timely,
personalized feedback.

Using Q-learning, the system adjusts feedback based
on student interactions. NLP components built on
transformer  models  generate  context-aware
explanations, reinforcing student understanding. A
study with 200 students over four weeks
demonstrated  improvements in  engagement,
accuracy, and time-on-task. This paper presents the
system’s theoretical framework, implementation
details, and implications for intelligent tutoring
technologies.

Il. LITERATURE REVIEW
The development of adaptive learning systems has

transitioned from foundational behaviorist principles
to more sophisticated intelligent tutoring

frameworks. While traditional ITS models offer pre-
scripted feedback, they lack responsiveness and
nuance. Bloom and Bruner emphasized the benefits
of personalized instruction, laying the groundwork
for Al-enhanced adaptive systems.

Recent research explores deep reinforcement
learning (DRL) to tailor learning paths. Khosravi et
al. (2022) showed how DRL adapts content based on
mastery levels. Gupta and Majumdar (2021)
demonstrated Q-learning’s efficacy in dynamic
hinting strategies.

Transformer-based NLP models like BERT and GPT
have enhanced machines' ability to generate human-
like dialogue. Chandak et al. (2020) used these
models to create educational agents capable of
interpreting student intent and delivering supportive
feedback. UX studies also highlight the importance
of adaptive interfaces, with real-time feedback and
simplified navigation improving student satisfaction.
Despite progress, few systems integrate RL, NLP,
and UX into a unified feedback model. This study
will lower that gap with a cohesive, real-time
feedback system.

I1l. PROBLEM STATEMENT

Most adaptive learning platforms offer binary
feedback, which lacks actionable guidance. Phrases
like “Correct” or “Incorrect” do not inform students
why an answer is wrong or how to fix it. Furthermore,
most systems fail to leverage reinforcement learning
and NLP jointly, leading to delayed, generic
feedback.

This research addresses the need for an integrated
feedback system that:

* Detects learning errors in real time

*Optimizes responses via RL (reward shaping, policy
learning)

*Delivers personalized feedback in natural language
using transformer-based NLP.

The objective is to enhance cognitive engagement,
learning retention, and educational equity through
responsive, context-aware feedback.

IJIRT 177910 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 2908



© May 2025 | IJIRT | Volume 11 Issue 12 | ISSN: 2349-6002

IV. METHODOLOGY

1) Theoretical and Technical Framework

The system integrates RL, transformer-based NLP,

and cognitive theory-aligned feedback delivery:

e Reinforcement Learning: The Q-learning
algorithm maps student states (e.g., correctness,
response time) to optimal feedback actions.
Reward shaping aligns with pedagogical goals,
while policy optimization adapts strategies over
time.

e Transformer-Based NLP: Built with spaCy 3.0
and DistiiBERT embeddings, the model
classifies error types and generates context-
aware responses. Templates are dynamically
filled using slot-filling and sentiment balancing
techniques.

e Cognitive Theory: Feedback aligns with
Constructivist and Cognitive Load Theory
principles—delivered in real-time to support
conceptual reconstruction without
overwhelming the learner.

2) Data Collection & Preprocessing

Data was collected from 200 middle school students
over four weeks in mathematics. Logged metrics
included response accuracy, time per question, retry
attempts, and topic identifiers.

Preprocessing steps:

*Removed outliers (e.g., >2-minute responses)

* Normalized numerical features

* Encoded categorical variables

» Annotated error patterns via teacher review.

3ExperimentalDesign
Two groups were compared:

Group Size = Feedback Type

Control 100  Binary
(Correct/Incorrect)
NLP-based intelligent
feedback
Pre/post-tests assessed learning outcomes. System
logs captured engagement and retry behavior.

Experimental = 100

4)Statistical Analysis

*Paired t-tests (pre/post comparisons)

*Independent t-tests (between groups)

*Cohen’s d for effect size (d = 1.6: large effect)
*95% confidence intervals,

*Visualizations: box plots, radar charts, and score
distributions.

V. IMPLEMENTATION

1) System Architecture

The platform follows a modular micro service
architecture with four key modules:

Interaction Logger: Tracks student actions
(attempts, retries, timestamps)

*RL Engine: Applies Q-learning to optimize
feedback policies

*NLP Generator: Uses spaCy + Transformer for
natural language output

*Frontend Interface: Web-based Ul showing
feedback via chat bubbles, visuals, and audio.

2) Sample Code Logic
A simplified Python snippet demonstrates the
reward-based feedback generation process using
spaCy and TensorFlow:

pychon

nlp 5_a”=f loaa(*en core wep trf'|
model = £ kerag, Sequential ([...))
odel wmp Le(optinizer="a
model, £3¢ (X, )

adan’, loss='nge'|

tef generate feedoack (toplc, errr count):

reward -mmr:;._omic:( { ‘r:rrcr:nmmr.j [} 1010]

doc = nlp{topic)

retum t" Good Job!" if reward > 0.6 else £'X let's revisit
{doc, text}."

The code predicts reward scores and generates
feedback  accordingly, simulating  dynamic
educational guidance.

VI. RESULTS AND DISCUSSION

1) Learning Gains

The experimental group improved by 15.2 points (SD
=6.1), versus 5.4 (SD = 5.9) in the control group. A
t-test confirmed statistical significance: t(198) =
10.44, p < 0.001.

* Cohen’s d = 1.6 (large effect)

*+95% CI: [7.85, 11.94]

These gains indicate the RL-NLP system enhances
learning more effectively than binary feedback

systems.

2) Engagement Metrics
Metric Experimental = Control
Avg. Time-on- 18.4 min 12.3 min
Task
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Retry Rate 4.8 21
Voluntary 46% 19%
Extensions

Higher engagement in the experimental group
suggests students were more motivated to reattempt
and persist, reinforcing learning behaviors.

3) Error Correction Behavior

63% of missed concepts were corrected in the
experimental group on follow-up questions,
compared to 34% in the control group, implying
improved retention and concept transfer.

4) Qualitative Feedback Students described the
feedback system as:

* “Like a teacher helping me,”

* “Told me what I did wrong,”

* “Motivated me to try again.”

These responses support the value of empathetic,
personalized feedback in reducing anxiety and
enhancing resilience.

5)Analysis

* RL Optimization: The system's success lies in
ability to adjust feedback type (e.g., hints, praise)
using Q-values and policy optimization.

* NLP Personalization: Transformer-based NLP
generates nuanced, student-specific language that
facilitates comprehension and reflection.

» Cognitive Alignment: The approach supports real-
time schema construction and avoids overload by
adjusting feedback complexity to the learner’s
proficiency.

VII. CONCLUSION & FUTURE WORK

This study demonstrates that a reinforcement

learning and NLP-based feedback system
significantly ~ improves  learning  outcomes,
engagement, and conceptual retention. The

integration of real-time, context-sensitive feedback
supports deeper learning and higher persistence
among students.

Future directions include:

* Scaling the system for mobile/cloud environments
 Expanding to other subjects and age groups
 Addressing NLP bias through broader training data
* Longitudinal studies to assess lasting impact

This integrated model offers a robust foundation for
the next generation of intelligent tutoring systems.
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