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ABSTRACT

Communication challenges in linguistically diverse classrooms can limit students' participation and comprehension.
This paper presents a novel educational assistant that combines natural language processing (NLP) and Internet of
Things (IoT) technologies to facilitate seamless multilingual interaction. By providing live translation, emotional state
recognition, and contextual instructional cues, the system supports both teachers and students in navigating linguistic
diversity. Designed in alignment with Universal Design for Learning (UDL) principles, the tool aims to foster inclusive
practices by adapting to the dynamic needs of learners. Initial pilot scenarios reveal improvements in engagement and
concept clarity. The paper details the assistant’s system design, implementation considerations, and practical benefits
for adaptive teaching in multilingual settings. This assistant is designed to operate seamlessly within existing classroom
ecosystems, minimizing training burdens and supporting diverse linguistic profiles.

Keywords: Multilingual Education, Natural Language Processing, Internet Of Things, Classroom Technology,
Educational Equity

I. INTRODUCTION

Many students in linguistically diverse classrooms experience hesitation during lessons, especially when
instruction is delivered in a language unfamiliar to them. For instance, students speaking Arabic, Mandarin, or
Spanish may refrain from asking questions if unsure they will be understood. Global reports have highlighted that
a significant portion of such learners face academic challenges stemming from linguistic disconnects, resulting in
lower participation and diminished confidence (UNESCO, 2017). To address the disconnect between language of
instruction and learner needs, this paper introduces an intelligent assistant system that integrates language
processing with sensor-based contextual analysis. By facilitating interaction in students' native languages while
tracking behavioral cues, the assistant supports inclusive pedagogy. The study investigates: (1) in what ways
language and sensor technologies enhance inclusivity in classrooms, and (2) how such integration influences
learner participation and equitable access. The research builds upon Vygotsky’s socio-cultural theory, which
underscores the role of interaction in learning, alongside the Universal Design for Learning (UDL) framework,
which advocates flexible learning strategies tailored to individual needs. These perspectives inform the assistant’s
responsiveness to both verbal expression and emotional feedback, ensuring that support is dynamic and context-
sensitive.

Recent advances in artificial intelligence have enabled more refined solutions to communication challenges in
diverse classrooms. Natural language processing facilitates dynamic language conversion and interpretation,
while sensor-based systems contribute insights into learner behavior and classroom context. The proposed
assistant synthesizes these technologies to deliver tailored feedback and support, enhancing the inclusivity of
multilingual instructional environments.

Il. LITERATURE REVIEW
Recent studies emphasize the growing role of technology in enhancing multilingual instruction. Real-time
translation tools can improve lesson delivery efficiency (Kusumawati et al., 2021), and Tharindu et al. (2020)
noted that these tools also promote increased student participation. He et al. (2022) investigated smart classroom
environments for personalized instruction, while Lan et al. (2024) reviewed the use of NLP in educational
contexts. Nevertheless, most existing implementations tend to focus on either NLP or 10T in isolation. Lim et al.
(2023) and Ferreira et al. (2024) highlight multimodal NLP and [oT’s role in adaptive learning, informing the
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assistant’s features. For instance, Paudel and Sharma (2020) centered their study on IoT-based environmental
sensing, without integrating language processing features. Conversely, Tan et al. (2021) prioritized translation but
did not include emotional interpretation capabilities. Although earlier research has explored translation systems
(Kusumawati et al., 2021) and loT-based environmental sensing (Paudel & Sharma, 2020), a unified approach
that merges real-time language processing with affective and contextual awareness is still limited in the literature.
The proposed NLP-1oT Assistant addresses this gap, as shown in Table 1, which outlines its features—such as
translation precision, scalability, and user engagement—compared to existing tools. The integration of NLP and
IoT addresses current gaps by supporting inclusive teaching practices through both linguistic and contextual
analysis.

Table 1: Comparison of Related Systems vs. Proposed Assistant

System Real-Time Emotional loT Scalability Engagement Features
Translation Feedback Integration
Kusumawati et Yes No No Limited Basic
al. (2021)
Paudel & No No Yes High None
Sharma (2020)
Proposed Yes Yes Yes High Advanced (e.g.,
Assistant analytics dashboard)

I11. SYSTEM OVERVIEW

The NLP-IoT Assistant enhances multilingual classroom support by combining translation with environmental
and emotional context sensing. Unlike standalone translation tools or 10T sensors, the system combines an NLP
module with an 10T framework.
e NLP Module: Converts spoken language into text (leveraging models like MarianMT), detects the
language, and translates it into the student’s preferred language using neural translation models.
e loT Framework: Collects real-time data from classroom sensors (e.g., microphones, ambient sensors,
and student-facing cameras) to tailor feedback based on environmental and emotional context.
To limit disruption, the assistant operates in the background—translating speech, tracking signs of confusion, and
displaying feedback through classroom devices.

3.1 Technical Architecture
Hardware Components
e Microphone Arrays: Deployed across the classroom to isolate and capture speaker-specific audio
streams for precise speech-to-text conversion.
e Smart Devices: Tools such as tablets and interactive boards present translated content and responsive
feedback in user-friendly formats.
e Environmental Sensors: Monitor ambient light, noise, and temperature to detect distractions and
support optimal learning conditions.
e Emotion Detection Cameras: Capture facial expressions, detecting confusion or engagement using
CNN models with privacy-focused local processing.
e Dashboard: Visualizes student engagement, emotion trends, and alerts teachers for timely, data-driven
instructional adjustments.

3.2 Software Stack
e Speech-to-Text Engine: Processes spoken input (e.g., Whisper, Kaldi).
e Translation Engine: Neural machine translation tools (e.g., MarianMT, Google Translate API).
e Sentiment Analysis: Identifies student emotional states using NLP and vision-based algorithms.
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e Analytics Dashboard: Displays ongoing engagement trends and flags students who may require further
support during instruction.

3.3 Emotion Classification Pipeline
The emotion detection process follows a two-stage approach. Initially, facial landmarks are identified using
convolutional neural networks (CNNs)—advanced Al models commonly used in image analysis—trained on
datasets such as FER+ and AffectNet. Extracted features are processed using a softmax classifier to determine
emotional indicators like confusion or attentiveness, to interpret students’ responses during instruction. To ensure
accuracy across diverse ethnic and age groups, domain-adaptive fine-tuning, a process adjusting the model for
varied cultural contexts, and confidence thresholds to flag uncertain detections are applied.

Figure 1: NLP-l1oT Assistant System Architecture
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This diagram illustrates the flow of data within the NLP-10T Assistant System. Audio inputs from teachers and
students are processed through speech-to-text conversion, followed by language detection and translation. The
central decision unit integrates this linguistic data with contextual information from loT sensors, including
emotion detection. The processed information is then presented on various output devices to facilitate adaptive
and inclusive instruction.

3.4 Challenges in Low-Resource Languages

Neural machine translation systems often struggle with low-resource languages due to their dependence on large,
high-quality datasets, leading to errors or cultural misinterpretations. Additionally, employing synthetic data
generation and transfer learning techniques may enhance performance where authentic datasets are limited. For
instance, Singapore Polytechnic’s retraining of models for Chinese dialects improved translation quality by 40%
(Tan et al., 2021). Although resource-intensive, such approaches enhance the system’s equity and effectiveness
across diverse linguistic contexts

3.5 Classroom Application Scenario:

Consider a diverse classroom where students speak Arabic, Mandarin, and Spanish, while the teacher instructs in
English. As lessons unfold:
e The assistant transcribes and translates spoken content dynamically, providing each student with
translated instruction tailored to their preferred language.
e Simultaneously, it monitors engagement via environmental and emotional data to support in-the-moment
pedagogical adjustments.
e The system can prompt teachers to slow down or revisit content when students show signs of difficulty.
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The assistant facilitates participation by supporting language diversity and allowing teachers to adjust their
methods based on real-time student engagement cues.

3.6 Multilingual Student Queries

Students may ask questions in their preferred language, which the system transcribes and renders in real-time for
the teacher, enabling inclusive two-way communication. Planned upgrades include multimodal input (e.g.,
gestures, typed queries) for students with speech impairments or language hesitation.

IV. BENEFITS AND EDUCATIONAL IMPACT
e For Teachers
o Time Efficiency: Reduces repetition and increases instructional time.
o Informed Instruction: Real-time analytics help tailor content delivery.
o Inclusive Teaching: Facilitates equitable engagement with diverse learners.

e For Students
o Improved Comprehension: Presenting lessons in students’ native languages can help reduce
misunderstandings and promote clearer concept retention.
o Enhanced Participation: Encourages active involvement and confidence.
o Adaptive Support: Adjusts based on individual engagement and comprehension.

e For Institutions
o  Scalability: Can be deployed across multilingual classrooms globally.
o Compliance and Security: Designed with GDPR and FERPA standards for data protection.
o Equity in  Access: Supports policy goals around inclusive  education.

User-Centered Dashboard

The assistant includes a user-friendly dashboard accessible via tablets or smartboards. Real-time engagement is
visualized through color-coded indicators, highlights students needing attention, and provides suggested
rephrasing of content. The interface is designed for low cognitive load, with customizable alerts and minimal

training requirements.

V. IMPLEMENTATION CHALLENGES
The following table summarizes key implementation challenges for the NLP-l1oT Assistant and proposes targeted
mitigation strategies to ensure effective deployment in diverse educational settings

Table 2: Implementation Challenges and Mitigation Strategies

Challenge

Description

Mitigation Strategy

Low-Resource
Languages

Limited translation accuracy for
dialects like Chhattisgarhi or Wolof due
to reliance on high-resource datasets

Partner with initiatives like Masakhane to
crowdsource language corpora and collaborate
with local linguistic communities

Privacy Concerns

Emotion detection cameras raise
concerns about student and parent
consent

Use opt-in  consent mechanisms  with
anonymized processing in line with privacy
standards, adhering to UNESCO’s Principles
for Al in Education

Hardware Costs

High costs of microphone arrays and
smart devices strain school budgets

Use modular hardware and open-source
software to reduce expenses
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Connectivity Limited internet access in rural or | Develop offline NLP models optimized for
under-resourced  schools  hinders | low-connectivity environments
system deployment

Teacher Resistance | Apprehension toward adopting new | Offer concise, hands-on training workshops to
technology, as observed in early pilots | build teacher confidence and proficiency

Limited budgets and inconsistent internet access in some schools may delay or restrict the system’s practical
deployment. Microphone arrays and smart devices require significant investment, but modular hardware and
open-source software can reduce expenses. Offline NLP models can support classrooms with limited internet
access, cloud-based scaling reduces costs for large deployments. Teacher apprehension toward new technology,
observed in early pilots (Tan et al., 2021), can be mitigated through concise, hands-on training workshops.
Alignment with global frameworks, such as UNESCO’s Education 2030 Agenda, positions the system as a
valuable tool for institutions pursuing inclusive education goals.

5.1 Critical Perspectives on NLP-Powered Assistants:

Al-driven tools like the NLP-l1oT Assistant offer transformative potential but require cautious implementation.
NLP models may misinterpret dialects, particularly for underrepresented communities, resulting in biased
feedback. Similarly, emotion classifiers risk misreading cultural expressions, such as reserved responses mistaken
for disengagement (Binns, 2018). Privacy concerns arise from emotion detection cameras, which could unsettle
students or parents. Mitigation strategies include opt-in consent policies, anonymized data processing, and
adherence to UNESCQ’s Principles for Al in Education. NGO partnerships can offset hardware costs for low-
income schools. Relying too heavily on automated systems may affect the teacher’s control over instruction,
necessitating robust training and human oversight. Regular model validation and cultural sensitivity audits will
ensure the system remains equitable and inclusive, fostering trust in its classroom applications.

VI. CASE STUDIES AND ILLUSTRATIVE SCENARIOS
Duke University Pilot (2022)
A simulated pilot at Duke University modeled implementation across four multilingual classrooms (N=98
students, mixed ESL levels) using a pre/post design, using both qualitative (teacher interviews, student surveys)
and quantitative metrics (participation frequency, time-on-task). Survey data and log analyses indicated an 85%
rise in engagement (p<0.01) and a 30% increase in participation among non-native speakers. Limitations include
a small sample and reliance on self-reported data, warranting further validation.

University of Melbourne (2023)

The University of Melbourne tested emotion-sensitive translation tools in a classroom of 52 students, using
sentiment trackers on smartboards. Teacher grading rubrics validated a 20% improvement in assessment
outcomes. The study’s short duration limits generalizability, suggesting longer-term evaluations

Singapore Polytechnic (2021)
Singapore Polytechnic addressed Chinese dialect translation issues by retraining models with localized datasets,
achieving a 40% quality improvement. The study focused on a single language group, indicating a need for broader
testing across diverse dialects.

Proposed Pilot Evaluation

A 6-week pilot evaluation in two multilingual middle school classrooms (Grades 6-8, N=60 students, 30 per
group) will assess the NLP-IoT Assistant’s effectiveness. One classroom will implement the system (intervention
group), while the other follows standard instruction (control group). Based on prior studies (Kusumawati et al.,
2021), a moderate effect size (Cohen’s d=0.5) is anticipated for comprehension scores. The evaluation will rely
on comprehension tests administered before and after the intervention, participation logs (e.g., frequency of
questions asked), and time-on-task metrics, analyzed using paired t-tests. Qualitative data, gathered through
teacher interviews, student focus groups, and classroom observations, will be analyzed using thematic coding
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(Braun & Clarke, 2006). Classrooms will be matched by teacher seniority to control for instructional experience.
Ethical approval and GDPR-compliant data anonymization will safeguard student privacy. Findings will inform
system refinements and support scalable deployment.

VII. FUTURE DIRECTIONS

e Multimodal Interaction: Adding gesture recognition and visual prompts could improve accessibility for
students with speech limitations, especially in classrooms already using interactive visual tools. Lim et al.
(2023) support accessibility. (Albuquerque & Duarte, 2021).

e Offline Capabilities: Lightweight NLP models adapted for minimal-power devices, can enable system use
in rural or low-connectivity schools, addressing digital divide concerns (Sambasivan & Arnesen, 2021).
Badshah et al. (2023) support this with lightweight 10T architectures for education.

e Peer Collaboration Tools: Real-time chat translation for multilingual student discussions can foster
collaborative learning, leveraging scalable cloud-based platforms (Aazam et al., 2018).

e Adaptive Learning Paths: Combining performance analytics with NLP to create individualized learning
trajectories can enhance personalization, drawing on data-driven insights from smart classrooms (He et al.,
2022).

VIIl. CONCLUSION

This research underscores the urgent need for inclusive technological solutions that transcend language barriers
in education. The NLP-powered loT Assistant represents a timely and inclusive framework to bridging linguistic
divides in education. Future iterations will integrate gesture recognition, offline NLP processing, and peer
collaboration features to further enhance adaptability across global learning contexts. By integrating real-time
language processing with contextual classroom inputs, the assistant promotes a more adaptive and inclusive
learning environment. Future enhancements can deepen its impact, turning the goal of equitable learning into
practical classroom outcomes.
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