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Abstract—Language-based Al tutors hold significant
potential for supporting bilingual education in early childhood
classrooms by enhancing language exposure and interactive
learning. They can serve as intelligent companions to foster
cognitive development and strengthen children’s proficiency in
both native and second languages. However, existing methods
often face challenges such as limited adaptability to diverse
linguistic contexts, a lack of personalization in dialogue delivery,
and insufficient capacity to address code-switching behaviors
common in bilingual learners. These limitations hinder the
effective integration of Al tools into early education. To
overcome these issues, this study proposes a Meta-Learning
Based Dialogue Framework (ML-DF) designed to adapt
dynamically to learners’ linguistic backgrounds and learning
pace. The framework leverages meta-learning to optimize tutor
responses across varying bilingual environments while
maintaining engaging, natural dialogues. The proposed method
can be applied in interactive classroom scenarios, where Al
tutors provide real-time, tailored feedback in both languages,
scaffold vocabulary acquisition, and facilitate cross-linguistic
understanding. Teachers can also utilize these systems as
supplementary aids to enrich bilingual instruction. Findings
demonstrate that ML-DF enhances adaptability, promotes more
personalized learning experiences, and significantly improves

bilingual learners’ engagement and language retention

compared to conventional Al tutoring models.

Keywords—Bilingual education, Al tutors, Early childhood,
Meta-learning, Dialogue systems, Personalization, Language
learning

. INTRODUCTION

A. Background on Bilingual Education

Being around two languages early on may have a
significant effect on a child's cognitive, cultural, and language
development. Kids who learn two languages while they're
young are far better at communicating with others, solving
problems, and comprehending different cultures [1]. Kids who
can acquire a second language are better at things like
memory, attentiveness, and transitioning between tasks [17].
People who can speak more than one language are helpful in
civilizations where people may learn and grow both socially
and intellectually [3].

Even with these advantages, it remains challenging to
teach a multitude of languages effectively in preschools and
kindergartens. In more conventional settings, the instructor
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typically guides the class through a defined curriculum, and
pupils have clear restrictions regarding how they may use
language [18]. These approaches work well in a lab, but they
may not be flexible enough for all students. Many young kids
switch languages to express how they feel [5]. It may be
difficult for teachers to provide scaffolding consistently when
pupils originate from various cultural backgrounds and
possess varying levels of language proficiency [19].

Finally, it's challenging to create a healthy balance in early
school that helps a child learn both their first and second
languages [7]. Teachers should ensure that youngsters are
exposed to each language sufficiently so that they don't lose
interest, self-esteem, or understanding. It's challenging to do
these projects due to financial constraints, curriculum
changes, and insufficient time [20]. As more languages are
spoken in the classroom, bilingual kids' needs vary. This
implies that we need new ways to educate that expand on what
they already know.

B. Role of Al Tutors in Early Childhood Learning

Al tutors in early childhood programs to aid with teaching
kids who speak more than one language is a novel notion.
These technologies can talk back to kids in real time, which
makes learning engaging, adaptable, and interactive. Virtual
assistants can tailor lessons for each student, assist them in
learning new vocabulary, and promote bilingualism through
real-life interactions. Static materials can't do any of these
things. Kids may be able to improve teacher training, make the
classroom less stressful, and make multilingual learning
environments more welcoming for students of all
backgrounds by offering them frequent, scalable, and
adaptable language exposure.

C. Research Gap and Motivation

Al teachers could be highly beneficial, but the ones
currently available have issues with individuals who speak
more than one language. Most conversation frameworks are
not effective for individuals who speak multiple languages,
switch between languages, or wish to participate in age-
appropriate ways, as they are designed for those who speak
only one language. This mismatch is especially harmful in
early education since it makes it challenging to use
customization helpfully. This paper proposes a meta-learning-
based discussion framework capable of dynamically adapting
to various language learning contexts and customizing its
tutoring support to meet the individual needs of each learner

[2].
D. Contributions of This Paper

e The ML-DF can handle code-switching, help
young kids learn language, and quickly adjust to
settings where there are several languages.

e  To make multilingual education in the classroom
more relevant to the kids, the technological
architecture comprises preprocessing, meta-
learning  adaptation, and  conversation
management [4].

e By tracking variables including attendance,
language retention, and the availability of
scalable Al-based assistance, kids can assess the
framework's efficacy in enhancing bilingual
education in preschool and kindergarten classes.

Il. RELATED WORK

A. Adaptive Multilingual Tutoring Framework (AMTF)

AMTF systematically assesses 110 peer-reviewed works
about Intelligent Tutoring Systems (ITS) in multilingual
secondary education contexts. It examines learner modeling,
domain knowledge, pedagogical engines, and interface
design, focusing on adaptive customization, multimodal
education, and culturally sensitive frameworks [9]. The results
suggest that sophisticated models like Bayesian Knowledge
Tracing and Performance Factor Analysis with feedback that
is sensitive to language improve comprehension, memory, and
interest. The main goals are to ensure the infrastructure is
ready, educate teachers, and ensure the project is conducted
ethically.

B. Inclusive Early Learning Al Framework (IELAF)

IELAF discusses Al technologies that can make schools
for young children more accessible to everyone [21]. It
discusses Al-powered translation tools, assistive technologies
for students with disabilities, and how they affect engagement
and performance. There are talks on what this entails for
teachers' responsibilities, equitable access, and ethical usage,
as well as valuable tips for teachers, legislators, and
developers.

C. Personalized Al Language Learning Framework
(PAILLF)

PAILLF looks into how Al can be used in early childhood
language learning, with an emphasis on fair teaching methods
that combine personalized Al training with human interaction
[11] [8]. It examines the advantages and disadvantages of its
use in educational settings, including the associated
challenges and emerging trends. It demonstrates that it could
make people more interested, motivated, and able to speak
English. Future directions include advancements in NLP, the
amalgamation of Al with tangible resources, and the
establishment of collaborative Al ecosystems.

D. Bilingual Conversational Agent Learning System
(BCALS)

This randomized controlled trial assessed LLM-based
conversational bots as reading partners for children learning
English as a Foreign Language [12]. Sixty-seven children took
part in reading sessions led by either Al or their parents. The
Al-led groups showed better understanding, vocabulary
retention, and engagement patterns. BCALS emphasizes
design factors for multilingual settings.

E. Translanguaging Chatbot Pedagogy Framework (TCPF)

TCPF explores task-based chatbots to help people speak
L2 more effectively and encourage translanguaging. It tested
eighty pupils [13] using interviews and exams before and
after. The results showed that the chatbot was effective in
authentic learning contexts because it improved speaking
skills, changed people's attitudes for the better, and made it
easier for people to communicate in more than one language

[6].

F. Multimodal Digital Language Learning Framework
(MDLLF)

MDLLF explores the use of Al, cutting-edge digital
technology, and peer interaction to aid language learning and
digital tool usage [14]. The paper used a translingual
multimodal framework, demonstrating improved student
communication, engagement, and thorough usage of digital



settings. The findings endorse bilingual education and
autonomous digital learning [10].

G. Ecological Child Language Agency Framework
(ECLAF)

ECLAF examines ecological factors that influence the
manifestation of language-based agency in preschool-aged
children. It investigates personal linguistic histories, family
language policy, and socio-cultural context using classroom
ethnography and 25 observations [15]. The findings
demonstrate that the expression of agency varies based on
individual, familial, and communal contexts, therefore
enriching the understanding of child agency in early bilingual
education.

TABLE I. COMPARISON OF THE EXISTING METHOD

verod | over | By & | Beurn
Scheduling)

AMTF v Medium
IELAF v v High
PAILLF v v Medium
BCALS v v Medium
TCPF v v Medium
MDLLF v v High
ECLAF v v Medium

I1l. PROPOSED FRAMEWORK: META-LEARNING BASED
DIALOGUE FRAMEWORK (ML-DF)

A. System Architecture Overview

The ML-DF system consists of four main components:
generating multilingual replies, preprocessing input,
managing conversations, and enhancing meta-learning.
Before the meta-learning engine processes incoming voice or
text, it is filtered and sorted. The examination then occurs in
real-time as it applies and adjusts to each learner's profile. The
conversation manager provides responses that are appropriate
to the age group and can respond in more than one language
while retaining the context. The technology is modular and
fully customizable and can happen in real-time, which is
helpful in finding a way to connect with each child and
navigate the different language dynamics when considering
the mixed languages typically observed in various early
childhood and school contexts.
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Fig. 1: Adaptive Bilingual Learning Flow in Al Tutors
Fig. 1 shows how the ML-DF helps multilingual children
learn. The technology removes noise, identifies the active
language, and recognizes code-switching by analyzing the
child's spoken or written language. The filtered and sorted
information is then fed into the meta-learning engine that
adjusts and builds based on each learner's profile, allowing
things to be easier to understand in different languages and
allowing quick access to real-time answers.A conversation
manager delivers feedback in more than one language that is
appropriate for the kid and the scenario. The technology
enables tutors to provide students with answers tailored to
their needs, facilitating language learning, lesson tailoring,

and improvement in both native and second languages.

Adaptive bilingual learning flow in Al Tutors Gg. is
expressed using equation 1,
GBC ZA*DSC+(1_A)*Dgt (1)

Equation 1 explains the adaptive bilingual learning
flow in Al tutors reactive bilingual flow is calculated using
this expression and the objective languages.

In this G is the adaptive bilingual flow metric, A
is the dynamic weighting coefficient for source-language
prioritization, D, is the learner’s comprehension score in the
source language, and Dy, is the Learner’s comprehension
score in the target language.

Algorithm 1: Adaptive Bilingual Learning Flow

def adaptivey;; :
p bllmgualflow(Dsc,Dgt,delta)

Gpc = delta * Dy + (1 — delta) * Dy,

if Ggc = 0.8:

feedback = "Strong in both languages."

elif Ggc = 0.6:

feedback = "Good,reinforce weaker language."
elif Ggc = 0.4:

feedback = "Moderate, extra bilingual support."
else:

feedback = "Low, focus on weaker language."
if D¢ > Dgs:

focus = "Target language reinforcement."




elif Dge > Dq:

focus = "Source language reinforcement."
else:
focus = "Balanced support."

return Gg¢, feedback, focus

The algorithm determines the adaptive bilingual flow
according to Equation (1), and employs conditional statements
to estimate understanding levels. The algorithm generates
customized feedback based on these results and recognizes
which, if any, aspects of the source language or the target
language to support. This provides personalized and real-time
navigation to further enhance effectiveness in bilingual
learning.

B. Speech/Text Preprocessing Module

The preprocessing module organizes and cleans up the raw
input so that it can be scanned. Voice recognition and natural
language processing pipelines that simplify communication
for kids of all ages include identifying active languages,
recognizing code-switching, and standardizing terminology.
Noise filtering ensures accuracy in real-world classrooms,
while segmentation breaks down language units for analysis.
The meta-learning engine can adjust to each student's unique
speech pattern with this structured input, which will help them
grasp both their native and second languages better and
generate responsive conversations.

C. Meta-Learning Engine

Adaptive ML-core: The meta-learning engine of DF is in
charge of learning from many tasks and applying what it
learns to new multilingual situations with fewer data. It
employs cross-lingual transfer mechanisms to help people
who speak different languages understand each other. A
learner profile tracks a person's skills, likes, and progress. The
engine keeps its internal model up to date all the time, which
helps it handle code changes, scaffolds both languages, and
reinforces vocabulary in a child-centered, individualized
learning environment. It provides personalized answers for
each user.

D. Dialogue Manager and Response Generator

The dialogue manager tracks previous conversations to
ensure that responses are consistent and helpful. It changes the
discourse of conversations using both language signals and
profiles called out for each learner. The answer generator
generates suitable outputs based on age group, subject matter,
and multilingualism. This module assists students to build
confidence and remember what they learned in class through
positive feedback via dynamic customization, deliberate
speech patterns, and natural conversation.

IV. APPLICATION IN EARLY CHILDHOOD CLASSROOMS

A. Integration with Teaching Practices

The ML-DF framework is more capable than previous
forms of schooling because it is an adaptive framework for
support. By adding Al tutors to a customary class, teachers can
react to each student more effectively, make the conversation
more interesting, and develop the students' language skills.
This technology has the capability to adjust to the needs of a
moving classroom plan rather than being static like a teaching

medium, and it provides students with multilingual support
without interrupting the flow of class. This allows teachers to
receive Al support that offers individualized support to all
students, while still focusing on the cultural, social, and
creative aspects of bilingual education..

B. Child-Tutor Interaction Scenarios

Al instructors can help us create word puzzles,
conversational role-playing games, and interactive stories.
The instructor can understand what the kid is saying in either
their first or second language, switch between languages, and
provide valuable comments in more than one language.
Students learn in a pleasant way, which boosts their
confidence, and they gain a well-rounded exposure to
language via an interactive loop. A tutor who employs real-
time flexibility may be able to aid students with varied
learning styles and fill in gaps in their knowledge in courses
that use numerous languages by imitating natural
conversation.

C. Personalization and Engagement Strategies

Personalization is a key aspect of ML-DF, since the
framework takes into account each learner's language profile,
skill level, and pace. Using language that is suitable for the
person's age, two-language scaffolding, and contextual cues
may help keep people interested. The algorithm adjusts the
story style, language level, and frequency of interaction with
the child based on their input. These kinds of changes help
students stay motivated and help them get through tough
times, so that everyone has an equal chance to learn two
languages. This kind of individualized interaction in preschool
and kindergarten promotes favorable results related to
language acquisition, along with gradual advancement,
intrinsic motivation, and overall outcomes.

V. EXPERIMENTAL SETUP AND EVALUATION

A. Dataset and Learning Environment

It employed multilingual datasets for the assessment.
These comprised student-led chats, recordings of classes, and
conversations that were made up. The data set contained both
monolingual and code-switched speech to show how real-life
multilingual discussions work [16]. Children participated in
guided activities with Al instructors in settings resembling
elementary school classrooms. The approach aimed to assess
outcomes related to customisation, language development,
and adaptation, ensuring the findings are relevant to various
bilingual learning environments.

B. Evaluation Metrics

Three main factors were used to judge performance: how
well the language adaptation worked, how well the
customization worked, and how engaged the learners were.
The system's adaptability was tested by seeing whether it
could recognize and process inputs in more than one language,
such as code-switching. One approach to see whether
customisation works is to see how well the instructor changed
their answers to fit each student's profile. It looked at how
engaged the students were by noting how many times they
interacted, how long their answers were on average, and how
well they could retain new phrases. These measurements
made it possible to fully assess how the framework affected
results related to bilingual education.



C. Comparative Analysis with Baseline Models

It tested ML-DF against static bilingual learning systems
and more traditional Al instructors to evaluate its
effectiveness. Baseline models didn't do a good job of
handling code-switching and linguistic variation. However,
ML-DF outperformed the other techniques in terms of correct
multilingual adaptation, learner engagement, and customized
responses. The findings suggest that the framework might
solve the problem of multilingual education for kids in a
manner that is both adaptable and scalable, building on and
expanding on what is already out there.

VI. RESULTS AND DISCUSSION

A. Performance in Bilingual Adaptation

The results showed that ML-DF could identify and react
to multilingual input in many circumstances with a variety of
languages. It was more flexible than baseline systems, which
made it easier for them to provide natural interaction at real-
time speeds. The ML-DF could accommodate a distinguished
number of classroom contexts and was effective with a variety
of languages due to its dynamic learning system asking for
contextualization. It was identified that ML-DF is a reliable
system that could support early childhood classrooms'
multilingual development objectives by providing ongoing
assistance with learning that is both contextualized and
connected to the classroom through the dynamic learning
system.

B. Effectiveness in Code-Switch Handling

The paper's main discovery was that ML-DF could handle
code-switching well. Unlike typical Al tutors, which
frequently struggle to understand input in multiple languages,
our system can identify changes and provide accurate
multilingual responses. This skill enables kids to express
themselves naturally and openly while still receiving clear
instructions. ML-DF is based on real-life communication
methods, helping kids understand and feel more confident
when switching between their first and second languages.

C. Impact on Learner Engagement and Retention

ML-DF gets students more involved, which means they
spend more time talking to one another, participate more, and
remember more words. The kids stayed interested in the
activities because the system gave them individualized
instructions and multilingual feedback that changed based on
their needs. Additionally, systems that engaged in recurrent
interactions exhibited markedly improved retention of newly
introduced vocabulary and concepts relative to baseline
systems. These results demonstrate that ML-DF is a
successful approach to enhancing the appeal of multilingual
learning environments for children.

TABLE Il SYSTEM ARCHITECTURE PARAMETERS OF ML-DF
Parameter Description Value/Setting
Input Mode Type of learner Speech / Text

input

Language Correct 95%

Detection identification of

Accuracy active language
Code-Switch Time to detect <200 ms

Detection language shift

Latency

Preprocessing Processed input Normalized
Output Format for ML engine tokens

Dialogue 0.8 sec

Response Time

Average delay for
generating a
response

Table Il lists the most critical system parameters for the
suggested ML-DF design. It depicts how learner inputs travel
through language recognition, code-switch detection, and
preprocessing before obtaining answers in real time. The data
demonstrate that the framework works well technically, with
features such as high detection accuracy and minimal latency,
which makes it easy to engage with. These results indicate that
the architecture can manage fast, flexible communication in
multilingual environments. This helps the Al instructor
respond naturally and well in the classroom.

System architecture parameters of ML-DF dg is expressed
using equation 2,
aEGZﬁ*Men-I_y*Mec (2)

Equation 2 explains that the system architecture
parameters of ML-DF are calculated using the weighted
aggregate of encoder depth as well as the decoder span.

In this dg; is the system architecture composite
parameter, S is the Weight coefficient for encoder depth, y is
the weight coefficient for decoder span, M,, is the
Normalized encoder depth parameter, and M, is the
normalized decoder span parameter.

TABLE III. META-LEARNING ENGINE PARAMETERS

Parameter
Adaptation Speed

Description

Iterations to adapt
to the new learner

Value/Setting
5-10 interactions

profile
Cross-Lingual Knowledge 92%
Transfer transfer between
Accuracy languages
Personalization Level of High (0.87 on
Index customization per scale 0-1)
learner
Model Update How often is the Every three

Frequency learner profile interactions
updated
Age- Ensures age- Enabled
Appropriateness specific
Constraint vocabulary use

Meta-learning engine parameters ¢,,;, iS expressed using
equation 3,

VX
Pmta = vU (3)

Equation 3 explains the meta-learning engine
parameters, and the pace of adaptation to meta-learning
measures the rate at which parameter weights change over the
training interval.

In this ¢,,,+, is the Meta-learning adaptation rate,
VX is the Variation in parameter weights, and VU is the
elapsed training steps or time units.

Table 111 speaks about how the meta-learning engine could
modify itself. Some of the parameters include how rapidly the
system adjusts, how effectively it moves information from one
language to another, how customized it is, and how frequently
it updates. All of these components work together to make
sure that each child's learning is flexible and meets their
requirements. The engine is powerful because it can send and
receive messages in several languages and make them unique.
When young learners have age-appropriate restrictions, their
vocabulary remains relevant. These data demonstrate that the
system can learn rapidly in many different situations. It can



then provide personalized and pedagogically sound
interactions that help students learn more than one language
and fit in with their classmates.

TABLE IV. EXPERIMENTAL SETUP AND EVALUATION METRICS
Metric Description Observed Value
Dataset Size Number of 20,000 utterances
bilingual
utterances used
Learner Age Age of 4-7 years
Range participants
Adaptation Correct bilingual 94%
Accuracy responses across
inputs
Personalization Tailoring the 90%
Effectiveness accuracy of
responses
Engagement Avg. interaction 12 minutes
Score time per session

Table 1V provides the experimental conditions and
evaluation criteria that were used to evaluate the ML-DF
framework. There were 20,000 bilingual utterances uttered by
kids between the ages of 4 and 7 in the test set. It looked at
indicators  like adaptation accuracy, customisation
effectiveness, and engagement ratings to assess how
effectively the method performed. The observed results
indicate that the model is applicable in real-world scenarios,
demonstrating significant adaptability, efficient
customisation, and enhanced learner engagement. These
results suggest that ML-DF provides multilingual tutoring for
early childhood education that is beneficial, responsive, and
scalable.

Meta-Learning engine parameters Eg, is expressed using

equation 4,
Ty

Ey = 4
sb pg+T()

Equation 4 explains the meta-learning engine
parameters stability index for optimization
assesses the mean parameter magnitude ratio to its
distribution.

In this Eg, is the stability index, my is the average
parameter value across learning tasks, py is the Standard
deviation of the parameter distribution, and 7 is the Small
smoothing constant.

TABLE V. COMPARATIVE ANALYSIS WITH BASELINE MODELS
Model Bilingual Code- Vocabular =~ Engageme
Type Adaptatio Switch y nt Score

n Handling Retention
Accuracy
Static 72% Low 65% 7 minutes

Bilingual (inconsisten
System t)

Convention 80% Medium 72% 9 minutes
al Al Tutor

Proposed 94% High 89% 12 minutes

ML-DF (robust)

Framework

Table V compares the proposed ML-DF architecture to
static bilingual systems and classic Al teachers. The
comparison demonstrates that ML-DF is superior in critical
areas, such as accuracy in adapting to multiple languages,
handling code-switching, maintaining vocabulary, and
keeping people engaged. The baseline models earned average
scores, but ML-DF always fared better. This shows that it is

very flexible and can be changed to match the demands of any
learner. This comparative analysis validates the framework's
effectiveness, highlighting its advantages as a scalable
solution that addresses the limitations of existing bilingual
education technologies for children.

Comparative analysis with baseline models V,, is expressed
using equation 5,
fo= Qupr — Qpse (5)

Equation 5 explains the comparative analysis with
baseline models disparity in performance represents ML-
DF's improvement over baseline models.

In this V,, is the performance improvement margin,
Qupr is the performance metric of ML-DF, and Q. is the
performance metric of the baseline reference model.

VIl. CONCLUSION AND FUTURE WORK

A. Summary of Contributions

An ML-DF designed to support bilingual education in
preschools was presented in this paper. The framework
contains a speech/text preparation module, a meta-learning
engine, and a conversation manager that all work together to
provide personalized, flexible, and context-aware tutoring.
Tests revealed that it performed well for adapting to different
languages, handling code-switching, and keeping students
engaged. A comparative analysis demonstrated that ML-DF
outperforms conventional Al tutors and static systems,
providing resilient, scalable, and child-focused language
support. The framework is designed to work with what
teachers currently accomplish in the classroom. It adds to
existing teaching approaches and meets the needs of each
student.

B. Limitations of the Current Study

The conclusions of this paper are interesting, yet there are
several significant issues with it. The dataset primarily
focused on English [second language] bilingual children aged
4-7, hence limiting extrapolation to alternative age groups,
languages, or cultural contexts. The classroom deployment
simulation was placed in a controlled environment, which
may not fully capture the diversity seen in real educational
settings concerning teaching styles, group dynamics, and
background noise. Additionally, the long-term effects on
language retention and cognitive development were not
evaluated, leaving unanswered questions about the lasting
impact throughout extended periods of learning.

C. Future Research Directions

Future work will expand the framework to include more
language pairs and age demographics, thereby increasing its
applicability across diverse educational contexts. Using a
variety of inputs, such as gestures, facial expressions, and
visual cues, may improve interactions and keep people
engaged. Longitudinal studies carried out in real classrooms
will assess the framework's lasting impact on multilingual
proficiency, cognitive development, and student motivation.
Improved meta-learning algorithms might lead to enhanced
customisation, which would make the system more flexible
and able to adapt to changes in learner profiles.
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