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Abstract— AI tutors that are language based can be very 

promising in terms of supporting bilingual teaching in the early 

childhood classes in terms of maximizing language exposure and 

interactive learning. They may also act as smart friends to 

promote cognitive growth and improve the ability of children to 

communicate in the native and secondary language. 

Nevertheless, current approaches have been associated with 

issues of low flexibility to different language situations, lack of 

individualization when it comes to the delivery of dialogues, and 

low power to deal with code switching tendencies typical of 

bilingual students. Such restrictions are preventing the 

successful use of AI tools in early education. To address such 

problems, this paper lays out a Meta-Learning Based Dialogue 

Framework (ML-DF) which would dynamically adjust to both 

the linguistic background and the learning pace of learners. The 

framework uses meta-learning to maximize tutor responses in 

different bilingual situations without compromising the interest 

and natural conversations. The given approach may be 

implemented in the interactive classroom setting, where AI 

tutors will deliver real-time, personalized feedback in both 

languages, support vocabulary learning, and approach the 

comprehension of cross-linguistic knowledge. These systems 

also can be used as auxiliary tools to add bilingual teaching 

provided by teachers. The results indicate that ML-DF leads to 

higher flexibility, more individualized learning, and much more 

effective engagement and language retention among the 

bilingual learners than the traditional AI tutoring models. 

Keywords—Bilingual education, AI tutors, Early childhood, 

Meta-learning, Dialogue systems, Personalization, Language 

learning 

I. INTRODUCTION  

A. Background on Bilingual Education 

Being around two languages early on may have a The 
exposure to two languages at a tender age can be very 
influential on the cognitive, cultural and language 
development of a child. Children who acquire both languages 
at a tender age are much better at interaction with other people, 
problem solving and understanding other cultures [1]. 

Children who have the ability to learn a second language excel 
in such aspects as memory, attention and task switching [17]. 
Having multiple languages is beneficial to people in 
civilizations in which individuals can learn and develop 
socially and intellectually [3]. Despite these merits, teaching a 
large number of languages in preschools and kindergartens is 
still a difficult task. In more traditional environments, the 
teacher usually directs the lesson based on a specified 
curriculum and students are strictly limited on how they can 
use language [18]. Such strategies are effective in the 
laboratory, but these strategies might not be suitable to every 
student. Most young children alternate languages in order to 
show their emotions [5]. Teachers can be not able to offer 
continuous scaffolding in the cases when students have 
different languages and belong to different cultures [19]. Last 
but not the least, having a healthy balance at an early school 
level when a child can learn his or her first language and 
second language is difficult to achieve [7]. The educators must 
make sure that the children are introduced to each language 
that they do not become bored, lose self-esteem, or 
knowledge. These projects are hard to accomplish because of 
the financial limitations, curriculum development, and lack of 
time [20]. Bilingual kids have different needs as the number 
of languages spoken in the classroom increases. This implies 
that we need new ways to educate that expand on what they 
already know.  

B. Role of AI Tutors in Early Childhood Learning 

AI 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 
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backgrounds by offering them frequent, scalable, and 
adaptable language exposure.  

C. Research Gap and Motivation 

AI 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 

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

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

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

II. 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 core objectives should be to make the 
infrastructure prepared, to train the teachers and make the 
project run on a moral basis.  

B. Inclusive Early Learning AI Framework (IELAF) 

IELAF writes about AI technologies that would help make 
schools of little children more open to all [21]. It talks about 
AI-based translators, student disability assistive technologies, 
and their influence on learning and achievement. Discussions 
on what this means concerning the role of teachers, fair access, 
and ethical use have been discussed and useful information on 
what should be done by teachers, legislators and developers.  

C. Personalized AI Language Learning Framework 

(PAILLF) 

PAILLF is interested in exploring the application of AI in 
early childhood language education, and focuses specifically 
on equitable teaching provisions that integrate customized AI 
learning with human interaction [11] [8]. It looks at the pros 
and cons of its application in learning institutions, the 

challenges and trends emerging with it. It shows that it may 
make people more interested, motivated, and capable to speak 
English. The future entails NLP development, combination of 
AI and physical resources, and creation of collaborative AI 
ecosystems.  

D. Bilingual Conversational Agent Learning System 

(BCALS) 

This randomized controlled trial evaluated the use of 
conversational bots based on LLM and as reading partners in 
children who were learning English as a Foreign Language 
[12]. Sixty-seven participants participated in reading activities 
conducted by AI or their parents. The AI-guided teams 
demonstrated more knowledge, their vocabulary retention, 
and patterns of engagement. BCALS focuses on multilingual 
design issues.  

E. Translanguaging Chatbot Pedagogy Framework (TCPF) 

TCPF examines task-based chatbots in order to assist 
individuals to speak L2 better and promote translanguaging. It 
pretested and posttested eighty students [13] by interview and 
examination. It was revealed that the chatbot worked well in 
real-life learning situations as it enhanced speech abilities, 
transformed attitudes of people positively, and simplified the 
process of people speaking more than one language [6]. 

F. Multimodal Digital Language Learning Framework 

(MDLLF) 

MDLLF investigates the application of AI, new digital 
technology, and interpersonal communication in support of 
language acquisition and the utilization of digital tools [14]. 
The paper employed a translingual multimodal framework, 
which proved better communication between students, 
interaction, and full utilization of digital environments. The 
results support the concept of bilingual education and 
independent online learning [10]. 

G. Ecological Child Language Agency Framework 

(ECLAF) 

ECLAF focuses on ecological variables that determine the 
expression of language-based agency among preschool-going 
children. It explores the linguistic backgrounds of individuals, 
family language policy, and socio-cultural background 
through classroom ethnography and 25 observations [15]. 
These results show that agency is expressed differently 
according to individuals, family, and community situations 
thus contributing to the insight of understanding child agency 
during early bilingual education. 

TABLE I.  COMPARISON OF THE EXISTING METHOD 

Method 
Adaptability 
(Power 
Scheduling) 

Privacy & 
Ethics 

Resource 
Efficiency 

AMTF ✓ ✓ Medium 

IELAF ✓ ✓ High 

PAILLF ✓ ✓ Medium 

BCALS ✓ ✓ Medium 

TCPF ✓ ✓ Medium 

MDLLF ✓ ✓ High 

ECLAF ✓ ✓ Medium 

 



III. PROPOSED FRAMEWORK: META-LEARNING BASED 

DIALOGUE FRAMEWORK (ML-DF) 

A. System Architecture Overview 

The ML-DF system is made of four key elements, which 
include generation of multilingual responses, input 
preprocessing, conversation management, and meta-learning 
improvement. Prior to the input voice or text being fed through 
the meta-learning engine, 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.  

 

 
Fig. 1: Adaptive Bilingual Learning Flow in AI 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 AI Tutors 𝐺𝐵𝐶  is 

expressed using equation 1, 

𝐺𝐵𝐶 = ∆ ∗ 𝐷𝑠𝑐 + (1 − ∆) ∗ 𝐷𝑔𝑡    (1) 

Equation 1 explains the adaptive bilingual learning 

flow in AI tutors reactive bilingual flow is calculated using 

this expression and the objective languages. 

In this 𝐺𝐵𝐶  is the adaptive bilingual flow metric, ∆ 

is the dynamic weighting coefficient for source-language 

prioritization, 𝐷𝑠𝑐  is the learner’s comprehension score in the 

source language, and 𝐷𝑔𝑡  is the Learner’s comprehension 

score in the target language. 
 

Algorithm 1: Adaptive Bilingual Learning Flow  

def 𝑎𝑑𝑎𝑝𝑡𝑖𝑣𝑒𝑏𝑖𝑙𝑖𝑛𝑔𝑢𝑎𝑙
𝑓𝑙𝑜𝑤(𝐷𝑠𝑐,𝐷𝑔𝑡,𝑑𝑒𝑙𝑡𝑎)

: 

𝐺𝐵𝐶 =  𝑑𝑒𝑙𝑡𝑎 ∗  𝐷𝑠𝑐 + (1 −  𝑑𝑒𝑙𝑡𝑎) ∗  𝐷𝑔𝑡  

𝑖𝑓 𝐺𝐵𝐶 ≥  0.8: 

𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘 =  "𝑆𝑡𝑟𝑜𝑛𝑔 𝑖𝑛 𝑏𝑜𝑡ℎ 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒𝑠. " 

𝑒𝑙𝑖𝑓 𝐺𝐵𝐶 ≥  0.6: 

𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘 =  "𝐺𝑜𝑜𝑑, 𝑟𝑒𝑖𝑛𝑓𝑜𝑟𝑐𝑒 𝑤𝑒𝑎𝑘𝑒𝑟 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒. " 

𝑒𝑙𝑖𝑓 𝐺𝐵𝐶 ≥  0.4: 

𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘 =  "𝑀𝑜𝑑𝑒𝑟𝑎𝑡𝑒, 𝑒𝑥𝑡𝑟𝑎 𝑏𝑖𝑙𝑖𝑛𝑔𝑢𝑎𝑙 𝑠𝑢𝑝𝑝𝑜𝑟𝑡. " 

𝑒𝑙𝑠𝑒: 

𝑓𝑒𝑒𝑑𝑏𝑎𝑐𝑘 =  "𝐿𝑜𝑤, 𝑓𝑜𝑐𝑢𝑠 𝑜𝑛 𝑤𝑒𝑎𝑘𝑒𝑟 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒. " 

𝑖𝑓 𝐷𝑠𝑐 >  𝐷𝑔𝑡: 

𝑓𝑜𝑐𝑢𝑠 =  "𝑇𝑎𝑟𝑔𝑒𝑡 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒 𝑟𝑒𝑖𝑛𝑓𝑜𝑟𝑐𝑒𝑚𝑒𝑛𝑡. " 

𝑒𝑙𝑖𝑓 𝐷𝑔𝑡 >  𝐷𝑠𝑐 : 

𝑓𝑜𝑐𝑢𝑠 =  "𝑆𝑜𝑢𝑟𝑐𝑒 𝑙𝑎𝑛𝑔𝑢𝑎𝑔𝑒 𝑟𝑒𝑖𝑛𝑓𝑜𝑟𝑐𝑒𝑚𝑒𝑛𝑡. " 

𝑒𝑙𝑠𝑒: 

𝑓𝑜𝑐𝑢𝑠 =  "𝐵𝑎𝑙𝑎𝑛𝑐𝑒𝑑 𝑠𝑢𝑝𝑝𝑜𝑟𝑡. " 

𝑟𝑒𝑡𝑢𝑟𝑛 𝐺𝐵𝐶 , 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 offers individual feedback when 
responding to a user.  



D. Dialogue Manager and Response Generator 

The dialogue manager is able to monitor past discussions 
to make the responses consistent and beneficial. It transforms 
the talk of discussions with the help of language signs and 
profiles addressed to each learner. The answer generator 
creates appropriate outputs depending on age group, subject 
matter as well as multilingualism. This module can help the 
students gain confidence and recollect what they studied in the 
classroom by the use of positive feedback such as dynamic 
customization, deliberate speech patterns, and natural 
conversation.  

IV. APPLICATION IN EARLY CHILDHOOD CLASSROOMS 

A. Integration with Teaching Practices 

ML-DF framework is better than the older versions of 
schooling since it is a flexible support framework. It is 
possible that by introducing AI tutors to a regular course, 
teachers will be able to respond to every student more 
efficiently, engage the conversation in a more engaging way, 
and develop language proficiency of the students. 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 AI 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 

AI 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. Depending on the input of 
the child, the algorithm will change the style of the stories, the 
level of language, and how often the child interacts with the 
computer. Such changes make students remain motivated and 
make them endure difficult situations, as such that all have the 
same opportunity to learn two languages. Such one-to-one 
communication in preschool and kindergarten fosters positive 
outcomes concerning language acquisition, as well as slow 
progress, intrinsic motivation and the overall outcomes. 

V. EXPERIMENTAL SETUP AND EVALUATION 

A. Dataset and Learning Environment 

It used multilingual data sets in the evaluation. They 
included chats led by students, recording of classes, and 
conversations that were composed. It had a mixture of 
monolinguals and code-switches speech in order to 
demonstrate how real-life multilingual conversations operate 

[16]. In the study, children took part in facilitated AI 
instructions in environments similar to the elementary 
schools. The methodology was meant to evaluate the results 
pertaining to customisation, language development, and 
adaptation so that the results are applicable to other bilingual 
learning contexts.  

B. Evaluation Metrics 

Performance was judged based on three key areas, which 
were the effectiveness of language adaptation, the 
effectiveness of customization, and the engagement of 
learners. The flexibility of the system was tested by observing 
the ability of the system to identify and process inputs that 
could be in more than one language like during the process of 
code-switching. Another way to determine the effectiveness 
of customisation is to determine how effectively the instructor 
altered his/her responses to adapt to the profile of each student. 
It examined the level of interest that the students had by 
counting the number of times that they interacted, the average 
length of their answers and their capacity to remember newly 
learned phrases. These measures allowed obtaining the 
possibility to evaluate the impact of the framework on the 
outcomes of bilingual education entirely.  

C. Comparative Analysis with Baseline Models 

To determine the effectiveness of ML-DF it was tested on 
ML-DF versus the state of bilingual learning systems and 
more classical AI teachers. And baseline models were not very 
successful at dealing with code-switching and linguistic 
variation. Nevertheless, it can be noted that ML-DF performed 
better than other methods in accuracy of correct multilingual 
adaptation, student interaction and personalized reactions. The 
results indicate that the framework could address the issue of 
multilingual education among kids in a flexible yet scalable 
framework to add to and enhance what already exists.  

VI. RESULTS AND DISCUSSION 

A. Performance in Bilingual Adaptation 

The findings indicated that ML-DF was capable of 
detecting and responding to multilingual input in most of the 
situations with various languages. It was more adaptable as 
compared to baseline systems and thus offered them easy to 
deliver natural interaction at real-time rates. Due to its 
dynamic learning system requiring contextualization, the ML-
DF was able to house a select number of classroom situations 
and was applicable to a number of languages. The 
identification revealed that ML-DF is a trustworthy system 
capable of helping the goal of multilingual development of 
early childhood classrooms through continuous assistance 
with learning that is contextualized and integrated to the 
classroom via the dynamic learning system.  

B. Effectiveness in Code-Switch Handling 

The primary finding of the paper was that ML-DF was 
capable of dealing with code-switching to a significant extent. 
It is important to note that unlike a normal AI tutor, which in 
most cases has low chances of deciphering input written in 
more than one language, our system is capable of recognizing 
modifications, and gives correct responses in multiple 
languages. This ability will help children to speak openly and 
express themselves naturally and at the same time, be given 
clear instructions. ML-DF is founded on the practice of the 
real-life communication methods, making the kids aware and 
more confident in switching between the first and the second 
language. 



C. Impact on Learner Engagement and Retention 

ML-DF is more engaging, ensuring that the students will 
spend more time engaging in conversation with each other, 
take more active part and retain more words. The children 
were also engaged in the activities since the system provided 
them with personalized instructions and multilingual feedback 
depending on their needs. Also, systems that entered into 
frequent interactions showed significantly better the retention 
of new vocabulary and concepts compared to the baseline 
systems. These results demonstrate that ML-DF is a 
successful approach to enhancing the appeal of multilingual 
learning environments for children. 

TABLE II.  SYSTEM ARCHITECTURE PARAMETERS OF ML-DF 

Parameter Description Value/Setting 

Input Mode Type of learner 

input 

Speech / Text 

Language 

Detection 

Accuracy 

Correct 

identification of 

active language 

95% 

Code-Switch 
Detection 

Latency 

Time to detect 
language shift 

< 200 ms 

Preprocessing 

Output Format 

Processed input 

for ML engine 

Normalized 

tokens 

Dialogue 

Response Time 

Average delay for 

generating a 

response 

0.8 sec 

Table II 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 AI instructor 
respond naturally and well in the classroom.  

System architecture parameters of ML-DF 𝜕𝐸𝐺  is expressed 

using equation 2, 

𝜕𝐸𝐺 = 𝛽 ∗ 𝑀𝑒𝑛 + 𝛾 ∗ 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 𝜕𝐸𝐺  is the system architecture composite 

parameter, 𝛽 is the Weight coefficient for encoder depth, 𝛾 is 

the weight coefficient for decoder span, 𝑀𝑒𝑛  is the 

Normalized encoder depth parameter, and 𝑀𝑒𝑐  is the 

normalized decoder span parameter. 

TABLE III.  META-LEARNING ENGINE PARAMETERS 

Parameter Description Value/Setting 

Adaptation Speed Iterations to adapt 
to the new learner 

profile 

5–10 interactions 

Cross-Lingual 
Transfer 

Accuracy 

Knowledge 
transfer between 

languages 

92% 

Personalization 

Index 

Level of 

customization per 
learner 

High (0.87 on 

scale 0–1) 

Model Update 

Frequency 

How often is the 

learner profile 
updated 

Every three 

interactions 

Age-

Appropriateness 
Constraint 

Ensures age-

specific 
vocabulary use 

Enabled 

 

Meta-learning engine parameters 𝜑𝑚𝑡𝑎  is expressed using 

equation 3, 

𝜑𝑚𝑡𝑎 =
∇𝑋

∇𝑈
   (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 𝜑𝑚𝑡𝑎  is the Meta-learning adaptation rate, 

∇𝑋  is the Variation in parameter weights, and ∇𝑈  is the 

elapsed training steps or time units. 
Table III 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 also powerful as it is capable of 
sending and receiving messages in multiple languages and 
make them unique. In the case with young learners, relevant 
restrictions according to their age keep their vocabulary up-to-
date. All these facts prove that the system can be trained 
quickly in a variety of scenarios. It is then able to offer 
customized and pedagogically viable engagements that assist 
learners in studying over one language and secure their place 
among their peers.  

TABLE IV.  EXPERIMENTAL SETUP AND EVALUATION METRICS 

Metric Description Observed Value 

Dataset Size Number of 
bilingual 

utterances used 

20,000 utterances 

Learner Age 

Range 

Age of 

participants 

4–7 years 

Adaptation 

Accuracy 

Correct bilingual 

responses across 

inputs 

94% 

Personalization 
Effectiveness 

Tailoring the 
accuracy of 

responses 

90% 

Engagement 
Score 

Avg. interaction 
time per session 

12 minutes 

 
The table IV gives the experimental conditions and 

evaluation criteria that were applied in assessing the ML-DF 
framework. The test set had 20,000 bilingual utterances made 
by the kids aged 4-7. It considered such indicators as accuracy 
of adaptation, customisation effectiveness and engagement 
rating to determine the effectiveness of the method. The 
results obtained show that the model can be used in practice, 
which proves a high degree of flexibility, effective 
personalisation, and increased engagement of learners. Such 
findings indicate that the ML-DF suggests multilingual 
tutoring in early childhood education that is useful, 
responsive, and scalable.  

Meta-Learning engine parameters 𝐸𝑠𝑏  is expressed using 

equation 4, 

𝐸𝑠𝑏 =
𝜋𝜗

𝜌𝜗 + 𝜏
   (4) 

Equation 4 explains the meta-learning engine 

parameters stability index for optimization  

assesses the mean parameter magnitude ratio to its 

distribution. 



In this 𝐸𝑠𝑏  is the stability index, 𝜋𝜗  is the average 

parameter value across learning tasks, 𝜌𝜗  is the Standard 

deviation of the parameter distribution, and 𝜏  is the Small 

smoothing constant. 

TABLE V.  COMPARATIVE ANALYSIS WITH BASELINE MODELS 

Model 

Type 

Bilingual 

Adaptatio

n 

Accuracy 

Code-

Switch 

Handling 

Vocabular

y 

Retention 

Engageme

nt Score 

Static 

Bilingual 
System 

72% Low 

(inconsisten
t) 

65% 7 minutes 

Convention

al AI Tutor 

80% Medium 72% 9 minutes 

Proposed 
ML-DF 

Framework 

94% High 
(robust) 

89% 12 minutes 

Table V is a comparison between the proposed ML-DF 
architecture and the statical bilingual systems and traditional 
AI teachers. The comparison shows that ML-DF is a better 
procedure in such crucial aspects, as the accuracy of adapting 
to multiple languages, addressing code-switching, sustaining 
vocabulary, and engaging people. The average score on the 
baseline models was the same, whereas ML-DF was always 
superior. This indicates that it is highly malleable and can be 
modified to suit the need of any learner. This comparative 
analysis confirms the effectiveness of the framework, which 
is characterized by its benefits as a scalable solution that 
signifies the limitations of current technologies of bilingual 
education among children.  

Comparative analysis with baseline models ∇𝑝𝑓 is expressed 

using equation 5, 

∇𝑝𝑓= Q𝑀𝐷𝐹 − Q𝑏𝑠𝑒    (5) 

Equation 5 explains the comparative analysis with 

baseline models disparity in performance represents ML-

DF's improvement over baseline models. 

In this ∇𝑝𝑓 is the performance improvement margin, 

Q𝑀𝐷𝐹 is the performance metric of ML-DF, and Q𝑏𝑠𝑒 is the 

performance metric of the baseline reference model. 

VII. CONCLUSION AND FUTURE WORK 

A. Summary of Contributions 

This paper introduced an ML-DF that will assist in 
bilingual education in preschools. The framework includes a 
speech/text preparation component, a meta-learning engine as 
well as a conversation manager that communicate with each 
other to deliver personalized, flexible and context-aware 
tutoring. The tests established that it could be effectively used 
in adapting to other languages, code-switching, and engaging 
students. Comparative analysis showed that ML-DF is more 
powerful than the traditional AI tutors and fixed systems and 
offers strong, scalable, and child-centered language support. 
The framework is meant to collaborate with what teachers are 
already doing in the classroom. It complements the current 
instruction strategies and addresses the requirements of every 
learner.  

B. Limitations of the Current Study 

The conclusions of this paper are interesting but there are 
a number of major problems about it. The data was mainly 
about English [second language] bilingual children between 
the ages of 4 and 7 and therefore, extrapolation to other age 
groups, languages and cultural setups is not possible. The 

classroom deployment simulation was put in a controlled 
setting, which might not be representative enough to represent 
the diversity that is present in the real-life educational setting 
in terms of teaching styles, group dynamics and background 
noise. The long-term outcomes on the language retention and 
cognitive development were not measured either, and the 
unanswered questions were regarding the long-term effect 
during the long periods of learning. 

C. Future Research Directions 

The framework will be further developed in the future to 
cover more language pairs and age groups, thus enhancing its 
generalizability in a number of educational scenarios. With the 
help of myriads of inputs, including gestures, facial 
expressions, and visual cues, I might enhance the interactions 
and retain people. The longitudinal research will be conducted 
in a real classroom setting and will determine the endearing 
effects of the framework on multilingual proficiency, 
cognitive growth, and student incentive. Better meta-learning 
algorithms may also result in better customisation that will 
make the system more flexible and capable of adapting to a 
shift in the profile of the learners. 

REFERENCES 

 
[1] Sembiante, S. F., Restrepo-Widney, C., Bengochea, A., & Gort, M. 

(2023). Sustainable translanguaging pedagogy in support of the 
vulnerable language: Honoring children’s ways of ‘showing’and 
‘telling’in an early childhood dual language bilingual education 
program. International Journal of Bilingual Education and 
Bilingualism, 26(8), 928-942. 

[2] Metachew, K., & Nemeon, L. (2025). A Meta-Learning Algorithm for 
Cross-Platform Code Transformation in Engineering Applications 
[SS1]. International Academic Journal of Science and Engineering, 
12(1), 34–42. https://doi.org/10.71086/IAJSE/V12I1/IAJSE1207 

[3] Hamman-Ortiz, L. (2024). Cultivating a critical translanguaging space 
in dual language bilingual education. International Multilingual 
Research Journal, 18(2), 119-139. 

[4] Sreenivasu, M., & Kumar, U. V. (2025). MetaFusion-X: A Novel 
Meta-Learning Framework for Multiphysics System Integration. 
International Academic Journal of Innovative Research, 12(2), 54–62. 
https://doi.org/10.71086/IAJIR/V12I2/IAJIR1217 

[5] Ball, M. C., Bhattacharya, J., Zhao, H., Akpé, H., Brogno, S., & 
Jasińska, K. K. (2024). Effective bilingual education in Francophone 
West Africa: Constraints and possibilities. International Journal of 
Bilingual Education and Bilingualism, 27(6), 821-835. 

[6] Jalood, S. O. (2022). Dialogue Implications for Paradox in the Speech 
of Imam Ali (Peace be Upon Him). International Academic Journal of 
Social Sciences, 9(1), 21–28. 
https://doi.org/10.9756/IAJSS/V9I1/IAJSS0903 

[7] Pontier, R. W. (2022). Developing Translanguaging Stances in ESOL-
Focused Teacher Education Courses: Teacher Candidates' Beliefs 
about and Knowledge of Bilingualism and Bilingual Education. Tesl-
Ej, 25(4), n4. 

[8] Muminova, U., Rakhimova, U., Mirzaxmedov, O., Jumaniyazov, F., 
Sapaev, I. B., Abdullayev, D., & Matchanov, S. (2025). Real-time 
content personalization in educational IoT networks using on-device 
learning. Journal of Wireless Mobile Networks, Ubiquitous 
Computing, and Dependable Applications, 16(2), 793–808. 
https://doi.org/10.58346/JOWUA.2025.I2.048 

[9] Akhter, E. (2025). AI IN THE CLASSROOM: EVALUATING THE 
EFFECTIVENESS OF INTELLIGENT TUTORING SYSTEMS FOR 
MULTILINGUAL LEARNERS IN SECONDARY 
EDUCATION. ASRC Procedia: Global Perspectives in Science and 
Scholarship, 1(01), 532-563. 

[10] Riadhusin, R., Radhakrishnan, R., Rajendren, D. J., Rakhmanovich, I. 
U., Lal, N. D., & Anand, U. (2025). Adaptive Language Translation in 
Multinational Info Service Platforms. Indian Journal of Information 
Sources and Services, 15(2), 124–129. https://doi.org/10.51983/ijiss-
2025.IJISS.15.2.17 

https://doi.org/10.71086/IAJSE/V12I1/IAJSE1207
https://doi.org/10.71086/IAJIR/V12I2/IAJIR1217
https://doi.org/10.9756/IAJSS/V9I1/IAJSS0903
https://doi.org/10.58346/JOWUA.2025.I2.048
https://doi.org/10.51983/ijiss-2025.IJISS.15.2.17
https://doi.org/10.51983/ijiss-2025.IJISS.15.2.17


[11] Ali, Y. A., Hameed, I., Atif, F., & Khan, M. O. S. (2025). THE USE 
OF ARTIFICIAL INTELLIGENCE TOOLS IN EARLY 
CHILDHOOD EDUCATION: A COMPARATIVE 
ANALYSIS. Journal of Applied Linguistics and TESOL (JALT), 8(3), 
203-210. 

[12] Xiao, F., Zou, E. W., Lin, J., Li, Z., & Yang, D. (2025). Parent‐led vs. 
AI‐guided dialogic reading: Evidence from a randomized controlled 
trial in children's e‐book context. British Journal of Educational 
Technology. 

[13] Shafiee Rad, H., & Roohani, A. (2025). AI Language Alchemists: 
Unleashing Task-Based Chatbots to Enhance Speaking Proficiency, 
Shape Attitudes, and Foster a Translanguaging Space. Journal of 
Educational Computing Research, 07356331251363281. 

[14] Tzirides, A. O. O. (2022). Smart online language learning modules: An 
exploration of the potential of advanced digital technologies and 
artificial intelligence for collaborative language learning utilizing 
translanguaging and multimodal communication 
approaches (Doctoral dissertation, University of Illinois at Urbana-
Champaign). 

[15] Schwartz, M., & Mazareeb, E. (2023). Exploring children's language-
based agency as a gateway to understanding early bilingual 
development and education. Journal of Multilingual and Multicultural 
Development, 1-16. 

[16] https://www.kaggle.com/datasets/rtatman/corpus-of-bilingual-
childrens-speech  

[17] Tian, Z., & Lau, S. M. C. (2023). Translanguaging pedagogies in a 
Mandarin-English dual language bilingual education classroom: 
Contextualised learning from teacher-researcher 
collaboration. International Journal of Bilingual Education and 
Bilingualism, 26(8), 960-974. 

[18] Hansell, K., & Björklund, S. (2022). Developing bilingual pedagogy in 
early childhood education and care: Analysis of teacher 
interaction. Journal of Early Childhood Education Reserach, 11(1), 
179-203. 

[19] Graham, K. M., Pan, W. Y., & Eslami, Z. R. (2021). A critique of 
Taiwan’s bilingual education policy through a ROAD-MAPPING of 
teacher experiences. Current issues in language planning, 22(5), 516-
534. 

[20] Graham, K. M., & Yeh, Y. F. (2023). Teachers’ implementation of 
bilingual education in Taiwan: Challenges and arrangements. Asia 
Pacific Education Review, 24(3), 461-472. 

[21] Fitas, R. (2025). Inclusive Education with AI: Supporting Special 
Needs and Tackling Language Barriers. arXiv preprint 
arXiv:2504.14120. 

 

 

 

https://www.kaggle.com/datasets/rtatman/corpus-of-bilingual-childrens-speech
https://www.kaggle.com/datasets/rtatman/corpus-of-bilingual-childrens-speech

