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Abstract—Effective English language learning demands
adaptive, interactive, and flexible instructional support, which
traditional e-learning systems and existing Al tutors struggle to
provide due to limited immersion, static feedback mechanisms,
isolated task structures, and the absence of robust reward-driven
learning strategies. Although prior studies on VR-based learning
environments and Natural Language Processing (NLP) have
reported enhanced learner motivation and engagement, most
existing solutions suffer from fixed task sequencing, limited real-
time linguistic intelligence, and inadequate grammar and
pronunciation correction capabilities. To address these challenges,
this study proposes a Virtual Reality—based architecture named
the Self-Evolving Neural Intelligence Tutor (SENIT), driven by
Curriculum Reinforcement Learning and Hierarchical Adaptive
Weighting. SENIT integrates a fine-tuned TS transformer for
grammar refinement and prosody-aware feedback, while a
reinforcement learning agent dynamically adjusts task difficulty
and lesson progression based on learner performance. Developed
using Python and TensorFlow and deployed within a Unity3D VR
environment, SENIT enables realistic conversational simulations
and multimodal learner assessment. Experimental evaluation on a
dedicated VR English Learning Dataset demonstrates grammar
and pronunciation accuracy improvements of 90% and 81%,
respectively, outperforming existing models by approximately 12
percentage points. Additionally, learners achieved notable fluency
gains and high engagement scores, highlighting SENIT’s
effectiveness in delivering personalized, immersive language
learning experiences.

Keywords—Al-driven learning; Virtual Reality; English
language education; reinforcement learning; Natural Language
Processing

I.  INTRODUCTION

The fast development of artificial intelligence and
immersive technologies has brought a major shift in online
education, especially in the fields of second language learning
[1] [2]. Learning the English language needs continuous

interaction and immersion into the situations and adaptive
feedback systems thatrespondto theneeds ofindividuallearners
[3]. Nevertheless, the traditional e-learning platforms and most
of the current Al-based tutoring systems are still limited to a
fixed content delivery, a lack of contextual awareness, and rule-
based feedback models [4] [5]. Such systems are likely to be
based on predetermined learning routes and individualized
practices, which limit the involvement of learners and do not
consider the differences in the level of proficiency,
pronunciation, and the cognitive learning pace [6] [7]. Even
though recent progress in Natural Language Processing and
intelligent tutoring systems have enhanced automated
assessment, the absence of immersive conditions and the
dynamic adjustment of pedagogy still remains a hindrance to
their success in achieving real-world communicative
competence [8] [9].

Virtual Reality (VR) has become one of the solutions of the
future, as it provides realistic and interactive learning
environments that can improve the motivation of learners and
experiential learning [10] [11]. In spite of this aspect, majority
of VR-based learning system of English provide non-adaptive
series of tasks, limited real-time linguistic intelligence and lack
of grammar-pronunciation correction system and reward-driven
individualization mechanisms [12]. In order to fill these gaps,
this study proposes Self-Evolving Neural Intelligence Tutor
(SENIT), a VR-based learning platform that operates on
Curriculum Reinforcement Learning and Hierarchical Adaptive
Weighting. SENIT combines a refined Transformer model to
refine grammar and provide feedback with a learning agent that
adapts task difficulty, order of the lessons and feedback
techniques dynamically to the performance of a learner. The
framework used in this study combines Python and TensorFlow
with Unity3D to provide immersive conversational simulations
and individualized assessments with the goal of significantly
enhancing fluency, accuracy, and engagement of learners in VR-
based systems of learning English language.
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A. Research Motivation

This study is motivated by the rising discrepancy between
the dynamic needs of an effective English language learningand
the limited flexibility ofthe currentdigital learning systems [13].
Although conventional e-learning tools and the existing Al
tutors assist in automated learning and testing, they mostly
employ the one-dimensional delivery of the material, a set of
predetermined routes, and general feedback, which cannot
consider the unique characteristics of learners in terms of their
proficiency, pronunciation and learning speed [ 14]. Despite the
potential of Virtual Reality based leaming environments to
increase engagement and motivation in learning through
immersion, the majority of the current VR solutions do not
include real-time linguistic intelligence, adaptive task
sequencing, and reward-driven personalization [15]. Besides,
the lack of built-in grammar and prosody correction tools
inhibits the capacity of supporting authentic conversational
competence in them. The given restrictions outline the necessity
and the development of an intelligent, self-adaptive learning
framework that integrates both immersive VR experiences and
sophisticated Natural Language Processing and reinforcement
learning. As a result, this project is inspired to develop a VR-
permitted, Al-enhanced tutoring platform that dynamically
personalizes teaching, feedback, and evaluation, making it
possible to allow a learner to continue their development,
become more fluent and remain engaged in learning the English
language.

B. Significance of the Study

This research is important as it contributes to further
development of personalized and immersive learning of
languages, which is achieved through the combination of Virtual
Reality, Transformer-based linguistic intelligence, and the use
of Adaptation (also created with the help of Reinforcement
Learning) into a single framework [16]. The SENIT architecture
suggested is more flexible than the current VR learning systems
because it provides curriculum-conscious sequencing of tasks,
adaptive prioritization thatis hierarchical and reward-based and
allows the instruction to dynamically adaptto the performance
of the learners. The system can be used to achieve more
authentic and context-dependent language evaluation than
existing methods because of the addition of fine-tuned
Transformer models to perform real-time grammar refinement
and prosody-sensitive pronunciation feedback. The practical
effectiveness of the presented framework is underlined by the
empirical evidence of the improvement in grammar accuracy,
pronunciation performance, fluency, and learner engagement.
Academically, this work offers a scalable and extensible
framework to intelligent tutoring systems, whereas
educationally, it offers a plausible avenue of offering highly
immersive and personalized English language learning that can
be transferred to virtual classes, adult training, and distance
learning.

C. Problem Statement

Traditional language learning systems are not able to offer
the individual, dynamic, and interactive interaction, particularly
in an immersive experience, suchas VR. Even the existing Al
solutions are too biased towards one-task-based approaches
(primarily grammar-fixing) and fail to address such crucial
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aspects of the problem as prosody, the process of interaction
between the learner and the system, and task sequence with
pedagogical significance. Moreover, most systems lack
difficulty adjustment within real-time and this leads to improper
correspondence with the actual progress of learners and
normally leads to a deterioration in motivation and performance
[17]. The VR-based language tutors also rarely include the
Reinforcement Learning (RL) in the curriculum-based system;
this does not allow them to propose guided and progressive
learning paths [18]. To overcome these weaknesses, this study
will suggest a hybrid adaptive system, which will combine
grammar correction, prosodic analysis and RL-based curriculum
development to sustain active development, further engagement
and reactive learning of the English language.

D. Key Contributions

e Presents the SENIT, an English learning architecture
based on VR, which personalizes the instruction
dynamically based on Curriculum RL.

e Introduces an agent based on RL whose adaptive
weighting is hierarchical to change the difficulty of
lessons, the choice of tasks and the learning rate of the
learner depending on his real-time performance.

e Includesarefined TS Transformer ofreal-time grammar
correction and prosody-sensitive  pronunciation
assistance in immersive VR dialogues.

e Integrates VR simulations with Python and TensorFlow
touse Unity3Das abasic but powerful tool that supports
conversational practice and multimodal learner
assessment.

e Shows strong enhancement of grammar accuracy,
pronunciation, and fluency and learner engagement as
opposed to current state-of-the-art models.

E. Rest of the Study

The rest of the study is structured as follows: Section II
presents some of the relevant studies on Al and VR-based
language learning. Section Il gives the materials and methods,
namely the integration of T5-based NLP, RL, and speech
analysis inside the MVL-RE VR learning environment.
Section IV mentions the results and performance evaluation.
Lastly, Section V is the conclusions drawn from this study and
future study directions.

II. LITERATURE REVIEW

Belda-Medina and Marrahi-Gomez [19] suggested that
augmented reality in English as a second language instruction is
an innovative help toward addressing most of the age-old
problems characterized by traditional language learning
Traditional teaching by itself does not engage students into the
real application of the language; therefore, their motivation
declines and their pace of learning slows down. Otherwise, with
AR, it incorporates digital content into the real environment,
thus supporting the enhancement oflearning on the basis of real
interaction in a real-world experience, in making learning
contextualized, instant feedback, and allowing the student to
acquire language skills in a very engaging manner. Various
ways in which AR can be used to teach some of the most
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important aspects of the English language: vocabulary,
pronunciation, grammar, reading, and writing. By
superimposing AR elements such as digital labels, grammatical
clues, and interactive text on real-world objects, students can
participate in enjoyable and meaningful hands-on practice.
Finally, AR offers students the opportunity to practice their
language skills in simulated environments and real-world
contexts, thus aiding retention and application of their learning,
The extra layer that AR provides to ESL instruction could
catalyze the improvement of existing pedagogies and methods,
rendering the leamning of languages effective and enjoyable for
non-native speakers.

Chen et al. [20] proposed that acquisition of foreign
languages must be through active engagement with input, while
meaningful task fulfillment follows. PBL gives real-life context
and hands-on experiences, while VR interaction occurs in
multimodal informational settings. The extent to which the
inclusion of VR technologies into PBL enhances students'
motivation, problem-solving skills, and vocabulary while
learning EFL. A sample of 84 engineering students enrolled in
an English for Specific Purposes course was assigned randomly
either to an experimental group or to a control group. In the
experimental group, students participated in a VR-enhanced
PBL environment in which they explored problem scenarios via
VR and produced theirown VR videos that proposed solutions
for the aforementioned problems. In turn, the control group
worked on the very same problem scenarios in a traditional PBL
setting that did not integrate VR. After the intervention, all
participants engaged in problem-solving analysis, vocabulary
knowledge test, motivation for learning questionnaire, and
individual interviews. It was found that students under VR-
assisted PBL exhibited increased vocabulary acquisition and
motivation in learning English regarding future careers, while
no significant difference was noticed in problem-solving
performance between the two groups. These results underline
the possible advantages of immersive environments of VR in
promoting contextualized learning in EFL education.
Nonetheless, some limitations of the study must be
acknowledged in interpreting the findings, and future studies
should follow to probe further into these issues to facilitate the
effective integration of VR in language learning.

Lu [21] incorporates VR, which will be interactive, in
English language learning and will be used in immersive
environments to reinforce engagement, communication skills,
and speaking experience. It uses the RHH-ISVM method to
measure interaction among the students by studying patterns of
communication, linguistic complexity, and learning
developmentin VR conditions. Following noise filtering and
Min -Max normalization, PCA ultimately provides the crucial
features, including fluency, richness of vocabulary, and textual
suitability. The framework then makes leamning individualized
through the customization of instructional material based on
these features that have been extracted, and in this way, they
allow adaptive feedback and focal enhancement. The VR and
intelligent ML modelling have a high potential of providing
tailored and successful language learning experiences. The
study, however, admits the constraints of sample
representativeness and data collection biases that ought to be
dealt with in future research.
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Raman et al. [22] suggested VR-integrated lessons on
students' engagement, motivation, and autonomous learning of
ESL students and developing their verbal communication skills.
Factors between these three variables, in a VR-based learning
environment, were also explored. This mixed-method study
involved a sample of senior students-majority of the respondents
fromthe total samplingof 166 high school students. Survey data
were analyzed through SPSS and uncovered that these largely
engaged (M=4.55), motivated (M=4.36), and autonomously
learned (M=3.90) participants were, in fact, high scorers.
Correlation analysis also proved that the engagement,
motivation, and autonomy of learners in VR-based lessons are
stronglyrelated. It was observed that the learners have extremely
positive attitudes towards VR-based language learning.
Thematic analysis revealed that the following benefits included
realistic experiences, more retention, more involvement, and
better communication skills. VR promotes verbal and digital
literacy and makes learners ready to live in the world of
technology. Nonetheless, the definite changes of long-term
benefits of English communication under the conditions of
constant VR consumption require the conduct of larger research
involving a wider sample of participants.

Li et al. [23] state ESP cuts across several issues. These
include vocabulary understanding and retention-the major
challenges faced by learners. A crucial aspectof ESP teaching
focuses on enhancing vocabulary acquisition and practical use.
An innovative and emerging audiovisual tool, VR, has
implemented this kind of incidental vocabulary learning by
stressing presence and immersion. The experiential property
affords students the opportunity to learn vocabulary more
effectively, thus promoting the learning outcome and
participation. This identified how far the students acquired
vocabulary relating to the hydrologic cycle. The participants
consisted of 36 geography students divided between
experimental and control groups, with an experimental group of
18 learners using VR-based leaming technology and an equal
number in the control group learning through the traditional
video-based method. Findings indicated that those in the VR-
assisted learning way are better incidental vocabulary learners
and definitely higher on cognitive, behavioral, and social
engagements than those in the control groups. However,
limitations have been recognized; VR resources were limited in
that the setting for vocabulary learning was not entirely
immersive throughout the process in ESP contexts.

Xie et al. [24] stated that globalization is rapidly advancing
technological processes, human interaction, and social behavior.
These international skills require the need to market such
individuals. This model is aimed at combining the immersion-
based Englishinstruction and VR technology so that language
acquisition can be improved. The quasi-experiment involved
106 pupilsin one of the Chinese schools within a 16-week time
span, the sessions lasted three hours a week and added upto 48
hours. Statistical software was used to test the proposed
hypotheses with the help ofthe collected data of the experiment.
These results showed that there was a high positive correlation
between VR and immersion-based language teaching and
immersion-based teaching and academic achievement.
Moreover, the VR had a positive correlation with learning
outcomes. In contrast to the conventional study, this
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breakthrough also established another test analysis of oral test
advancement to enhance learning. Depending on the results,
suggestions are drawn to further the English teaching and the
evolution of linguistics. However, limited by a rather limited
sample size and the limited time of the experiment, which calls
into question the generalizability of its conclusions, because the
results are very promising.

Fang-Ying Riva Lo [25] enhances the communication skills
of EFL learnersto bring them to the point where they actually
achieve authentic language acquisition. Traditional textbook-
based instruction does not offer that kind of excitement or
engagement with language; thus, it does not help the real growth
in language ability. This high-immersion VR, on the other hand,
transforms the whole picture of self-directed leaming
experiences within simulated real-world environments into a
greater role for engagementand participation by learners. This
calls fora 3D leaming environment named VRLE, developed to
give an authentic learning ecosystem for communicative skills
development. Hence, the 72 low-achieving junior-high-level
students participated. It was mostly quantitative data combined
with qualitative data that would determine the adequacy of
VRLE. It consisted of pre- and post-tests for communicative
performance, a questionnaire known as the IPQ for determining
presence perception by the students, and semi-structured
interviews. The great contributions of VRLE for improved
English communication skills and the sense of presence for
students in the learning environment. The participants also
showed favorable attitudes toward the VR-based learning
experience. The findings support the argument about the
importance of high-immersion VR in EFL education. Other
accessibility-related areas still cannot be exhausted within the
upcoming investigation to optimize the inclusion of VR into
language learning. This adds to the ever-increasing pile on VR
for language education, butmuch more still needs to be done in
exploring its applicability for communication skills
development among low-achieving EFL learners.

According to the current literature, VR and AR have proven
to be able to aid ESL/EFL learning positively by enhancing
vocabulary acquisition, pronunciation, engagement, and
contextual communication by using immersive environments.

Input data

|

Data prc-prlvi;l—b

Fig. 1.
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AR also aids practice and immediate feedback whereas DL-
based methods, includingRHH-ISVM used in combination with
project-based learning have demonstrated an improvement in
motivation and performance. Nevertheless, the majority of VR-
based systemsare not dynamic, and they do not feature real-time
linguistic intelligence, adaptive control of instruction, and
closed loops of Al-guided learning. The previous Al systems
consider single-task processes without considering the
multimodal feedback, reinforcement-based curriculum
planning, or affective engagement modelling. Limited size of
samples and brief durations of interventions also pose
limitations to generalizability, and more sophisticated, scalable,
intelligent VR systems are required.

III. FRAMEWORK FOR AI-DRIVEN PERSONALIZATION AND
IMMERSIVE LANGUAGE LEARNING

The suggested approach is based on a modular end-to-end
design comprising immersive VR, adaptive, and assessed with
sophisticated AL. The first step is interaction of learners in a
Unity3D VR setting that emulates real-life scenarios of
conversation and records multimodal interactions, such as
speech, textual reactions, and interaction behavior. A finely-
tuned TS5 Transformer model processes these inputs to do real-
time grammar correction and prosody-sensitive pronunciation
analysis. At the same time, a Curriculum Reinforcement
Learning agent monitors learners’ performance measures, such
as accuracy, fluency, response time, and engagement, and
calculates adaptive rewards in a hierarchical weighting
approach. According to the experienced policy, the RL agent
will dynamically rearrange the sequence of tasks, difficulty of
the lessons and intensity of feedback to align with the
developing competence of the learner. The whole system is
deployed with Python and TensorFlow to train and infer the
model, and the smooth integration with the VR interface allows
providing constant feedback and feedback. This is a closed-loop
adaptive learning process that enables the SENIT to facilitate
individualized, immersive, and increasingly challenging
instruction in the English language. The proposed method
workflow is shown in Fig. 1.

VR Learning Environment

il

!

T5-RL Framework

Grammar Correction
& Dialogue Generation

|

Personalized Learning
Paths

gt

Model Assessment

Workflow of the proposed approach.

215|Page

www.ijacsa.thesai.org



(IJACSA) International Journal of Advanced Computer Science and Applications,

A. Data Collection

The Kaggle Impact of Virtual Reality on Education dataset
is an aggregation of quantitative and qualitative data that was
collected in educational institutions where VR technologies
were deployed to examine the effect VR has on learning
outcomes and experiences. It can be used to assess the proposed
English learning system since the features of its engagement,
interaction, and the use of VR directly reflect the involvement
and immersion of the learner, which is complemented by the
measures of linguistic performance, recorded in the tailor-made
VR English Learning Dataset. It generally consists of student-
related features, including demographic variables, engagement,
creativity, andacademic achievement, and includes indicators of
the application and impactof VR in instructional settings, e.g,
the relationship between indicators of the improvement of VR
immersive use on courses and levels. It is possible to correlate
VR use with such educational achievement indicators as
engagement, comprehension, creativity, or other measures of
learning success using the dataset, allowing the researcher to
understand the transformational power of VR in learning and
teaching settings [26].

B. Data Pre-Processing

In data preprocessing, the raw data gathered in leaming
through VR-based education interactions will be converted into
a model-ready and structured form in order to determine
reliability and consistency in learning evaluation. Firstly,
missing values in numerical variables (engagement score, time
to complete the task, or performance ratings) are processed with
the help of statistical imputation methods, either mean or median
imputation, denoted as Eq. (1):

. {xi'

X; =131

l —VN .
NZ]:lx'

where, x; is the imputed value, and N is the number of valid
observations. Thereafter, a featurenormalizationis conducted to
remove scale variations among variables, including
pronunciation accuracy, fluency score and engage level. Min-
max normalization is used to distribute features to a single range
[0, 1], which is as shown below Eq. (2):

if x; # NaN
if x; = NaN M

Xl — X—Xmin (2)

Xmax—Xmin

where, X is the original value, X, ,and X are the
maximum and minimum values in the dataset and X' is the
normalized value. The step avoids dominance of the high
magnitude features when training the model. Lastly, the cleaned
and normalized datais formatted into learner state vectorsS; =
[9: D¢ i e:] , which are grammar accuracy, pronunciation
score, fluency, and engagement at time t. These hierarchical
representations match the aims of the datasets for English
proficiency assessment and allow the effortless combination
with Transformer-based linguistic analysis and reinforcement
learning-based customization.

C. Al Model Framework

The two elements are essential to support the structure of the
proposed Al model, as they are synergistic to one another to
create an intelligent, adaptive, and real-time interactive VR-
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based environment to learn English. The former involves the
initial part that involves fine-tuning a TS5 Transformer model to
make the finer grammar correction and dialogue generation to
bring about context-sensitive and more natural language
interaction, resembling more realistic communication scenarios.
The second component encompasses an RL agent that will
personalize the learning experience based on the performance
and the degree of engagement, and the achievement of an
individual learner. This agent keeps varying the difficulty of the
lesson, the order in which the tasks and feedback are presented,
and delivers the best leaming outcomes. A combination of these
modules forms a self-evolving ecosystem where Al and VR
intersect to make the training of the English language very
immersive, responsive and effective based on the requirements
of the specific learner.

1) Fine-tuning TS5 for grammar correction and dialogue
generation: Google developed the TS model,a pre-trained NLP
transformer that can be fine-tuned for the multi-task NLP
problems such as grammar correction and dialogue generation.
For this study, T5 is fine-tuned with supervised leamning over a
dataset of corrected and uncorrected English sentences to leamn
the patterns of correct grammar and sentence structures.

a) Fine-tuning process: Given a dataset D containing
pairs of incorrect and corrected sentences, as expressed in

Eq. (3):
D = {(X;, YD}L, G)

where, X; represents an incorrect sentence (input), Y;
represents the grammatically corrected sentence (target output),
and N is the total number of sentence pairsin the dataset. The
TS5 model is trained to minimize the cross-entropy loss between
the predicted sequence ¥; and the target sentence Y;, using the
objective function, as given in Eq. (4):

L ==Y 3l Y logP (Yie| X, 0) “4)

where, L represents total loss, N represents data samples,

-

Y; . represents predicted label, and Y; , represents true label.

2) Implementing RL for personalized learning paths: The
RL agent will undertake to adapt the difficulty level of lessons,
customize exercises, and ensure that it is intended for optimal
progression depending on the learning gathered from the
student's output performance. This is achieved under a Markov
Decision Process framework. It is given in Eq. (5):

MDP = (S,A,P,R,y) (5)

where, S denotes the set of states, A denotes set of actions,

P represents the probability function, R denotes reward

function, and y denotes discount factor. In order to guarantee

progress by learners, reward function R(s,a) promotes

improvements in three important learning aspects. It is given in
Eq. (6):

R(s,a) =w;-AF + w, - AG +w; - E (6)

where, w; , w, and w; are weight factors. E denotes
engagement metrics, AF denotes change in fluency score, and
AG denotes change in grammar score. The Q learning or DQN
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are utilizedby the RL agent that selectslearningactions that will
result in maximizing cumulative rewards for each learner. The
Bellman equation is defined as the Q value update equation. It
is calculated using Eq. (7):

Q(s,a) < Q(s,a) + a<R(s, a) +ymaxQ(s’,a’) — Q(s, a))
(7N

where, a represents learning rate, R(s,a) represents
immediate reward, and maxQ(s’,a’) represents the maximum
ar

Q-value. With this approach, learners receive real-time,
adaptive, and personalized feedback, and progress at this pace
so that they improve at their own ability. With the system
continuously evaluating a learner’s response and keeping
exercises adjusted accordingly, Al-driven VR language learning
is more effective than static, one-fits-all solutions. The process
of the personalized learning path is given in Fig. 2.

Defining Learner States

Action Selection for
Personalization

mprovement

Detected?

Yes No

k.

Increase Lesson Complexity Offer Hints or Simplified Tasks

| |
.

Reward Mechanism

;

RL Maximizes Rewards

Fig.2. Process of personalized learning path.

D. Integration of T5 and RL in VR-Based Learning

NLP grammar correction and dialogue generation using T5
and enhanced by RL controlled learning path adaptation system
constitutes the foundation of a highly interactive, intelligent, and
personalized VR-based learning of English. The TS model
corrects the grammar and refines the sentences, making the
learners get the real-time feedback of what they are saying or
writing in English. T5 is opposed to the Language learning tools
of all the tools, essentially learn with preset exercises. However,
unlike this, TS is critical of what is being typed by a leamer,
underlines the errors in grammar and consequently provides
more subtle suggestions of how a mistake-free sentence can be
typed in the stipulated time. This will allow the learners to
correct themselves in real-time and learn the proper language
structure, and hasten the process of proficiency. Students also
get exposed to the free, unscripted, fluent dialogues rather than
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the pre-scripted dialogues, hence becoming more fluent and
comfortable when speaking English.

1) Grammar correction function: The grammar correction
feature is based on the T5 model to convert input provided by
the learner into grammatically modified text. It detects
structural, syntactic and contextual errors, and creates polished
sentences, which facilitates language enhancement in real-time,
fluency and immediate corrective cues in the VR learning
environment. It is measured in Eq. (8):

y=T5(x) (8)

It represents the TS model transforming learner input x into
corrected output ¥, enabling real-time grammar refinement and
improvedsentencestructure during VR -based language learning
interactions.

2) RL state and action selection in adaptive learning: The
RL element represents the proficiency, engagement, and
accuracy of each learner as states and chooses the actions that
best maximize policy, like by modifying the difficulty or type
of task. This will facilitate individualized, interactive learning
adjustment to optimize learning growth and long-term
involvement in real-time. It is prescribed in Eq. (9):

Se41 = f (S ar) )

where, the models show how the learner’s next state is
determined by current proficiency, engagement, and the RL-
chosen action, supporting real-time adaptation of lesson
difficulty within the VR environment.

E. VR Learning Environment

VR learning environment offers a simulative and interactive
platform, and learners communicate in a life-like and dialogue
situation with Al-based virtual characters. It mimics real-life
examples such as job interviews, small talks, boarding trains,
hotel enquires and business meetings that allow the learners to
apply the English language in real-life. In this type of simulation
using Al the environment is dynamic to react to the reaction of
the learner, and fluency, proper use of language, and confidence
in speaking English are promoted. The system also helps in the
effective acquisition of the language due to the safe, involving,
and contextual environment, better communication, and the
preparedness of the learners to work with English in real-life
scenarios. It is measured in Eq. (10):

r=g(u,c) (10)

where, the function maps learner utterance u and
conversational context cto an Al-generated response 7, enabling
natural, unscripted VR dialogues and context-aware feedback
during real-time interactions.

1) Developing realistic conversation scenarios: To
establish an efficient and dynamic learning experience, the
system will include a large range of conversational situations
based on learners on the beginner and intermediate levels. The
learning conditions will dynamically change with learning
experience, where an RL-based learning-assist mechanism will
tailor the experience based on the performance of the different
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learners and the contextual needs of the learner in real-time.
Virtual characters will be created with the help of Al and will
be based on NLP and sentiment analysis, which will enable
them to track the level of learner engagement, such as the level
of questions being asked and interactions initiated by the
learner. These personalities will offer real-time, context-
sensitive feedback on pronunciation, grammatical, or
conversation errors, either with a natural human-like voice
reply, or with suggestions of possible corrections where
feasible

2) Al-driven interaction and feedback system: The VR-
based Language Learning System provides a dynamic
refinement of the learner’s proficiency through the smart, real-
time multimodal feedback mechanism incorporating auditory,
textual, and visual stimuli. It is an NLP-based speech
recognition and spellcheck application that uses the TS NLP
model to examine both spoken and written text, identify
grammar and pronunciation mistakes, and make successful
corrections in specific contexts. Phonetic guidance is facilitated
by speech synthesis and accurate forms of language are
solidified through the repetition of practice. The virtue of Al-
driven virtual characters, the conversations would be unscripted
and natural and the pre-programmed dialogues would be
replaced withrealisticandadaptive conversations. The adaptive
RL-based system is a new paradigm that also adapts the lesson
difficulty to the performance of the learner to provide
individual and efficient learning processes. Combining the
grammar fixing of TS, lesson personalization powered by RL,
and the presence of immersive Al interactions, the platform
overcomesthe barriers of thetraditional approaches to language
teaching. Such a combined method will promote fluency,
accuracy, interest, and confidence, creating a more real,
responsive and efficient context in learning the English
language. It is illustrated in Eq. (11):

F = ¢leg ep.es) (11)

where, the feedback module processes grammatical errors
e, , pronunciation deviations e, , and semantic issues e,
generating precise multimodal corrective signals to refine
learner fluency and linguistic accuracy.

F. Curriculum RL with Multimodal Reward

In orderto enhance flexibility, we incorporate a curriculum-
based leaming plan into the reinforcement learning agent. The
curriculum planner increases the level of difficulty of the work
in the next stages (beginner-intermediate-advanced) that
promotes the gradual development of the learners. At all the
levels, the agent maximizes the multimodal reward comprising
of: 1) grammar improvement through the T5 correction module,
2) prosodic speech quality (intonation and rhythm), and 3)
engagement cues (frequency of interaction and time-on-task).
The reward function is a combination of the two functions. In
the proposed reinforcement leaming framework, the rewardr;
is designed to reflect the learner’s overall progress at each
interaction step. It is computed as a weighted sum of
improvements in grammar accuracy ( Ag, ), pronunciation
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accuracy (Ap, ), fluency gain (Af;), and the current engagement
level (e;), as given by Eq. (12):

. = a.Ag, + f.0p, +v.Af; + e, (12)

where, «,f3,y,8 represent adaptive weights which
determine the relative significance of each factor. This reward is
given immediately following every learning interaction, which
will enable the agent to keep on varying the task difficulty and
sequence. The design is such that the instructional choices are
informed by linguistic enhancement and by the interest of the
learner, whichunderpins a tailored learning and gradual learning
process.

G. Hierarchical Curriculum with Adaptive Weighting

Hierarchy Curriculum with Adaptive weighting (HCAW)
builds upon the foundation of Curriculum RL and provides a
dynamic ranking of the sequence of tasks and rebalancing of
multimodal rewards based on the changing proficiency of
individual leamers. However, a different approach, contrary to
the traditional linear curriculum, is HCAW, which is designed
as a hierarchical graph, with each node modeling clusters of
skills, e.g., pronunciation, grammar, or prosody, and the edges
model the prerequisite relationbetween skills. A meta-controller
constantly reviews the learner status and performance metrics in
order to choose the following suitable task node and
dynamically change the reward weights. The general learning
task is to get the best expected payoff and encourage lean,
customized and streamlined competencies learning in every
learner. It is described in Eq. (13):

J(6,0) = Eng g [Xt=ov' 1] (13)

where, 8 isthestudentpolicyand u@ representthe meta
controller. The empirical outcomes of HCAW are better
convergence ofthe policy network and scoring higher than static
curricula, which is why it is a successful fit to the VR-based
language learning environment.

Algorithm 1. Adaptive Hierarchical Curriculum RL for VR
English Learning

Input: Learner state s_t (proficiency, grammar, pronunciation,
engagement)
Output: Selected task h_1, updated reward weights o t, B t, v t

Initialize policy m_6, meta-controller p_¢
Initialize a0, B_0,y 0
Initialize task hierarchy H={h 1,....h L}
for each episode:
Observe current state s_t
if learner improvement in grammar < threshold g:
select task h_1 related to grammar
else if learner improvement in pronunciation < threshold p:
select task h_1related to pronunciation
else:
select next hierarchical task h_1in H
Compute rewardr t=o tAg t+p tAp t+y te t
Update o_t, B_t, y_t based on moving averages
Update policy ©_6 using Q-learning/DQN
end for

The HCAW Hierarchy in VR English learning algorithm is
discussed in the pseudocode provided in Algorithm 1. It takes
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the condition of a learner, his or her proficiency, grammar,
pronunciation and engagement as the inputs and takes the
decision of task and the new weight of reward as the outputs.
The meta-controller compares the performance depending on
the state of the if-else conditions: in case of grammar
improvement poor, the grammar tasks are chosen; in case of
pronunciation improvement poor, the pronunciation tasks are
chosen; otherwise, the next task in the hierarchy is chosen.
Multimodal rewards are computed and weight modification is
done depending on the advance of the learner. Finally, the RL
agent modifies its policy by using Q-learning or DQN, which
ensures that the learning process is more customized, adaptive
and progressive.

IV. RESULTS AND DISCUSSION

The proposed AI-VR language learning system, which is
written and implemented in Python, has demonstrated
considerableimprovementin otherareas oflearning. The system
has a fine-tuned T5 grammar correction model, an adaptive
sequencing, RL agent, and Al-generated conversations that
enable a learner to experience a highly responsive leaming
process. Results indicate that grammatical, pronunciation and
adaptive curriculum-based improvementwere greatly improved.
The study has shownthat the level of immersion amonglearners
was increased and enabled by the feedback loop based on
dynamically customized task structures and the real-time
feedback loop. The natural conversation interactions were made
possible through the virtual world, and fluency and contextual
interpretation were improved. Overall, the findings prove that
Al-based personalization in VR is a potent stimulator of
linguistic performance that offers an intelligent, interactive, and
adaptable medium by which an individual can acquire
knowledge about the English language in a successful way.

TABLEI. SIMULATION PARAMETERS AND HARDWARE SETUP

Parameter Specification

Programming
Environment

Python 3.10, TensorFlow 2.12, PyTorch 2.1,
Unity 2022 with XR Toolkit

Fine-Tuned T5 Transformer (base, 220M

NLP Model Used
parameters)
RL Algorithm DQN with e-greedy policy and y=0.9
VR Device Oculus Quest 2, 90Hz refresh rate, 1832x1920

Configuration

GPU Used for
Training

resolution per eye

NVIDIA RTX 3090 (24 GB VRAM, CUDA
11.8, cuDNN 8.6)

64 GB DDR4 RAM

Real-time Speech-to-Text via Google Speech
API + Noise Suppression

80% Training, 10% Validation, 10% Testing
(Total Samples: ~30,000)

System Memory

Audio Processing

Dataset Split Ratio

Table I is a simulation environment, which involves the
application ofhigh-performance GPU accelerationandreal-time
audio processing and continuous RL in means of a streamlined
DL architecture operating in the VR environment. All the parts
are set to the best of their capabilities and adjusted to the
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optimum configuration to obtain the performance of the specific
experimentation setup. The system offers efficient training of
models, and it also gives immersive and high-resolution VR
experiences with low-latency interaction to accommodate
reactive and individualistic learning. This system provides
scalability and flexibility in orderto attaindynamic and effective
acquisition of the English language with the AI-VR framework
proposed.

TABLEII. GRAMMAR AND PRONUNCIATION SCORE IMPROVEMENTS
Pre- Post-
Metric Intervention Intervention Improvement
(Mean + SD) (Mean = SD)
Grammar (%) 55+4 90+3.5 +35
Pronunciation (%) [ 50 +3.8 81+32 +31

Table II presents the average grammar and pronunciation
scores and standard deviation of the means before and after the
process of AI-VR intervention. Grammar also improved greatly
as the point result has improved by +35 to 90 +- 3.5% and
pronouncing improved by +31 to 81 +- 3.2. The standard
deviations are also quite small that implies consistency in the
performance improvement across the participants. The results
confirm the effectiveness of Curriculum Reinforcement
Learning using Hierarchical Adaptive Weighting in an
immersive VR environment and that it can offer leamers
substantial and steady gain in mastery of both English grammar
and pronunciation.

A. Performance Outcomes

Fig. 3 outlines the progress of the learners throughout 10
accommodations of VR instruction of the English language. The
grammar, pronunciation and engagement scores were
significantly better with an increase of 55to 90, 50 to 81 and 60
to 82 respectively and this indicated the development of
learning. It can be seen that the scores are improved in every
episode with scores that are not overlapped by the markers. As
shown in this graph, the Curriculum RL with Hierarchical
Adaptive Weighting has the benefit of improving the
performance of the leamers progressively, between grammar,
pronunciation, and engagement. The diagram highlights the
real-time adjustment and demonstrates the usefulness ofthe Al-
based VR system of language learning.

Learner Progress Over Time in VR English Learning

—a— Grammar score
£ —=- Pronunciation score
—— Engagement Score

scores

1 H 3 H 5 6 7 & 5 10
Leaming Episades

Fig.3. Leamer progress over time in VR English learning.
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Reward Component Trends Across Lessons

Reward value

Fig. 4. Reward component trends across lessons.

Fig. 4 shows trends of reward components through the 10
lessons in the VR English learning system. Grammar reward
(Ag) was improved 5 to 11, pronunciation reward (2 2) was
improved 4 to 7.5 and engagement reward (3 2) was improved 3
to 5.2, which indicates gradual focus on each of the learning
dimensions. Itis clearand thereis no overlappingsince there are
annotated values above bars. The figure demonstrates that
Hierarchical Curriculum with Adaptive Weighting could
dynamically modify rewards based on the performance of the
learner to balance between the improvements of grammar, the
improvement of pronunciation, and to engage the leamer, thus,
adaptive, multimodal reinforcement in the Al-driven VR
learning environment.

Task Distribution Selected by RL Agent

General/Engagement

Grammar

Pranunciation

Fig. 5. Task distribution selected by the RL agent.

Fig. 5 presents the distributions of task selection of the RL
agentin the VR English learning system. Out of all the tasksthat
are chosenduringthe lessons, Grammar-oriented tasks take40%
of the area, Pronunciation tasks take 30% and
General/Engagement tasks take 30 percent of the area, which is
in line with the priorities of the agent that varies depending on
the performance of the learners. These percentages demonstrate
that the Hierarchical Curriculum, where Adaptive weighting is
used, allows the RL agent to dynamically choose the tasks on
which it needs to work so that it might devote the same amount
of attention to grammar, pronunciation, and engagement. The
visual metaphor is a reference to the personalized and adaptable
nature of the Al-enhanced VR learning.

Fig. 6 shows the steady increase in the training and
validationaccuracy, which depicts the increasing capacity of the
systemto forecast learner performanceaccurately. The close gap
between curves proves the high generalization rate, which
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testifies the success of the reinforcement-based curriculum
sequencing and multimodal feedback on the VR language
learning background.

Training vs. Validation Accuracy Curve

90 | —&— Training Accuracy
—&— Vvalidation Accuracy

Accuracy (%)
o @ om = @ o
8 no3 o a i

w
o

w
o

Epochs

Fig. 6. Training and validation accuracy.

Training vs. Validation Loss Curve

—&— Training Loss
101 —e— validation Less

0.97

0.8+

0.7 1

Loss

0.61

051

0.4

0.3 1

Epochs

Fig. 7. Training and validation loss.

Fig. 7 illustrates a steady decrease in training and validation
loss in the epochs, which means the convergence of the model.
The two curves conforming to each otherin a close sense imply
that there is good generalization, effective parameter learning
and sound optimization in an AI-VR adaptive language learning
system.

Pre- vs Post-Test Performance Comparison
100

Pre-Test
50 . Post-Test

81

04
Grammar Prosody

Fig. 8. Pre- versus post-test performance comparison.
The performance regarding the VR English leaming

environment is compared in Fig. 8 before and after the test.
Grammar points were increased to 55-90, as well as the prosody
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points which were increased to 50-81, with a heavy
improvement of the scores of the learners who were exposed to
the Al-based VR system. Annotated values above the bars show
the gains without overlapping. This visualization demonstrates
Curriculum RL with Hierarchical Adaptive Weighting is
successful since learners succeeded not only at the grammar but
had skills in the pronunciation. The figure illustrates the
individualistic and adaptable pedagogical impact of language
interventions founded on VR.

Engagement vs Performance Correlation
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o
G o
i T
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o @
I
Engagement Score
Fig.9. Engagement vs. Performance correlation.

The relation between the performance and the engagement
ofthe learners in 10 episodes is revealed in Fig. 9. The gains in
grammar were measured at as high as 5 to 11 points and in
pronunciation as high as 4 to 7.5 points which is accompanied
by the gains inengagement that range at 60 to 82. The points of
data at individual level are separated clearly to avoid overlaps.
The visualization was correlated with the engagement and it was
discovered that the more engaged the people the better they
become in grammar and pronunciation. These results confirm
that Curriculum Reinforcement Learning with a Hierarchical
Adaptive Weighting is effective and support the fact that AI-VR
system is an adaptive and interaction-based language learning
system that enhances the performance of language learning.

B. Performance Metrics

This section statistically assesses the effectiveness of the
suggested AI-VR framework in enriching English language
learning. Core performance metrics are quantified to determine
improvements in accuracy of grammar, fluency, engagement,
responsiveness to feedback, and adaptive learning. The
established formulas standardize the assessment to allow for
objective analysis of learner performance and system efficacy.
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Table Il and Fig. 10 gives a summary of the performance
measures of learners in VR English learning environment. The
grammar strength increased by 55% to 90, pronunciation by 50
to 81, fluency gains were between 5 and 11 points, prosody
between4 and 7.5 points and engagement increased to between
60 and 82. Standard deviations show variability of learners.
High and low values indicate the best and the worst performers.
It isshown in thistable that the Curriculum RL with Hierarchical
Adaptive Weighting, which includes TS grammar correction,
RL-driven adaptive lessons, and immersive VR interactions, is
effective in achieving significant learning improvements in
several language skills, which are measurable.

100 Performance Metrics of Al-Driven VR English Learning System

Pre-Test
. Post-Test

a2
80
60
20

wrac] et
" o P o
rar™ ——— Fwency prosol
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Scores / Improvements
&

50
meck
g

ent
gone™
o Engad

Fig. 10. Performance metrics of the proposed AI-VR method.

TABLEIV. PERFORMANCE COMPARISON WITH EXISTING METHODS

Model / 22?:::; Pronunciation Imii‘;xﬁim Engagement
0,

Method %) / Prosody (%) (AF) Score (E)

DMBO-

BiGRU 78 70 4 65

[27]

RHH-

ISVM 72 68 3 62

(28]

CNN-

LSTM 80 73 5 67

[29]

Proposed

VR Al 90 81 8 82

System

TABLEIIl.  PERFORMANCE METRICS OF AI-DRIVEN VR ENGLISH
LEARNING SYSTEM
Metric Improve Improve ent Score
Accura | Accurac ment (AF) | ment (AP) (E)
cy (@) | y(%)
Pre-Test 55 50 0 0 60
Mean
Post-Test 90 81 5-11 4-75 60-82
Mean
Improvgme 135 31 +5-11 +4-7.5 +0-22
nt / Gain
Stan‘da‘rd 4 35 15 1.2 6
Deviation
Max Value | 95 85 11 7.5 82
Min Value | 55 50 5 4 60

Table IV provides the comparison of the Proposed VR-AI
system with three of the existing approaches: DMBO-BiGRU,
RHH-ISVM, and CNN-LSTM. Accuracy of grammar in the
proposed system is up to 90, which is better compared to
DMBO-BiGRU (78%), RHH-ISVM (72%), and CNN-LSTM
(80%). Pronunciation/prosody is also enhanced to a significant
level of 81 as compared to the current methods of 70-73. The
improvement of fluency is 8 points, which is greater than 3-5
points of other models. The engagement score is 82, which
presents higher participation of learners. This is a clear
indication that the VR-AI system is the best in language
acquisition, pronunciation, fluency, and engagement of the
learner.
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C. Discussion

The combination of Curriculum reinforcement learning and
Hierarchy Adaptive weighting within a virtual learning
environment is a very effective model in acquiring English
language. The significant changes in grammar accuracy (55 + 4
to 90 + 3.5) and pronunciation performance (50 + 3.8 to 81 +
3.2) prove that the proposed system allows providing specific,
adaptive training based on constant performance monitoring
changes. The fact that fluency has increased by eight points and
the engagement score is relatively high at 82 also suggests that
the idea of immersive interaction and task advancement that is
based on a reward greatly contributes to the motivation of the
learner and the consistency of learning. The excellent results of
the proposed approach as compared to DMBO-BiGRU, RHH-
ISVM, and CNN-LSTM baselines confirm the fact that adaptive
task sequencingand multimodal, context-aware feedback are the
key points of enhancing learning. Furthermore, the association
betweenengagement and performanceis positive, whichimplies
that immersive VR-based interaction facilitates deeper thought
involvement and long-term knowledge acquisition. The factthat
the system can dynamically develop, evolve in real-time and
gives feedback in contexts also highlights its scalability and use
in areas other than language learning especially in competency-
based training and skills development. Although this study has
promising results, there are some limitations. The test was
conducted in a controlled VR setting using a small sample of
data, which might not reflect a variety of real-life learning
settings. Transformer and reinforcement learning model use
impose computation costs, which maybe a constraint whenused
on low-resource systems. VR equipment and audio quality also
may influence the accuracy of pronunciation. In addition, long
term learning retention has not been studied extensively, which
should be investigated in the future.

V. CONCLUSION AND FUTURE WORK

The Curriculum RL when combined with Hierarchical
Adaptive weighting in a learning environment through VR
proves more effective in teaching the English language, as it
provides adaptive, individualized, and more immersive learning.
The overall outcomes of the SENIT, grammar accuracy,
pronunciation, fluency, and engagement with the learners are
strong and above the state-of-the-art base models. Transformer-
based linguistic intelligence along with real-time feedback and
adaptive task sequencing are effective in supporting individual
paths oflearning, encouraging learnersand enhancinglong-term
memory. These findings support the idea that context-based,
immersive and dynamically changing VR leaming
environments present a solid ground on which effective
language acquisition and the development of interactive skills
may be achieved.

Future studies can focus on the further development of the
SENIT framework to facilitate learning in more than two
languages by adding more linguistic characteristics like
semantics, pragmatics, and discourse-level comprehension.
Emotion recognition and affective computing would also be
helpful in improving engagement and personalized feedback.
The mass implementation in actual classroom or distance
learning environments will permit testing the scaling, long-term
learning retention and cross-cultural efficiency. Also, VR
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combined with augmented reality (AR) or mixed reality (MR)
environments may be even more immersive and more effective
in context learning, and most importantly, more computationally
efficient, which will allow its use in the form of edges to make
it more accessible to all and adapt to real-time in different
learning settings.
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