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Abstract

The global shift toward online and hybrid education following the COVID-19 pandemic has redefined the
learning landscape. In India, the National Education Policy (NEP) 2020 champions the democratization
of technology-enabled education. This vision aims to build an inclusive digital infrastructure across all
higher education institutions nationwide. Despite these mandates, a significant digital divide remains a
persistent reality for rural autonomous colleges. Statistics reveal that roughly 64% of these institutions
struggle with systemic barriers to technological adoption. One major hurdle is the bandwidth deficit,
where heavy video tools collapse under erratic 2G or 3G connectivity. High-definition streaming remains
out of reach for many students in regions with limited internet infrastructure. Linguistic
disenfranchisement also poses a psychological barrier for students from vernacular-medium backgrounds.
English-centric interfaces create friction, preventing students from expressing complex ideas in their
native tongues. Data privacy vulnerabilities further complicate the landscape as centralized servers
process sensitive student information. Compliance with the Digital Personal Data Protection Act makes
invasive video-based tracking a legal and ethical risk. Current academic literature and commercial
products often fail to address these three critical dimensions simultaneously.

1. INTRODUCTION

The global shift toward online and
hybrid education following the COVID-19
pandemic has redefined the learning landscape.
In India, the National Education Policy (NEP)
2020 champions the democratization of
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technology-enabled education. This vision aims
to build an inclusive digital infrastructure across
all higher education institutions nationwide.
Despite these mandates, a significant digital
divide remains a persistent reality for rural
autonomous colleges. Statistics reveal that
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roughly 64% of these institutions struggle with
systemic barriers to technological adoption. One
major hurdle is the bandwidth deficit, where
heavy video tools collapse under erratic 2G or
3G connectivity. High-definition streaming
remains out of reach for many students in
regions with limited internet infrastructure.
Linguistic disenfranchisement also poses a
psychological barrier for students from
vernacular-medium  backgrounds. English-
centric interfaces create friction, preventing
students from expressing complex ideas in their
native tongues. Data privacy wvulnerabilities
further complicate the landscape as centralized
servers process sensitive student information.
Compliance with the Digital Personal Data
Protection Act makes invasive video-based
tracking a legal and ethical risk. Current
academic literature and commercial products
often fail to address these three critical
dimensions simultaneously.

Traditional engagement trackers rely on
bandwidth-heavy computer vision techniques
that are often seen as invasive. Meanwhile,
decentralized Al models tend to focus on macro-
level analytics like final grades rather than real-
time needs. These models frequently overlook
the non-Identically and Independently
Distributed (non-IID) nature of institutional data.
Every autonomous college varies significantly in
its credit structures and localized dialects under
the CBCS system. Consequently, there is an
urgent need for a localized, real-time, and
privacy-preserving pedagogical framework.
Such a solution must optimize for low
bandwidth  while linguistically
inclusive for diverse student populations.
Bridging this gap is essential for fulfilling the
promises of the NEP 2020 and ensuring
educational equity. Only by addressing these

remaining

localized challenges can India truly democratize
digital learning for all its citizens.

2. RELATED WORK

The provided text outlines three critical
technological deficiencies that currently hinder
effective digital education in resource-constrained
environments:

Virtual Classroom Al: Existing corporate
solutions rely on bandwidth-heavy, centralized
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"emotion AI" that compromises student privacy.
Conversely, open-source alternatives lack the
intelligent, real-time feedback loops necessary
for active learning.

Federated Learning (FL): While FL allows for
decentralized data training, its current application
in education is limited to analyzing static,
historical data (like grades) rather than supporting
the low-latency, real-time interactions required
during a live virtual lecture.

Code-Mixed NLP: Despite the prevalence of
"code-mixing" (switching between languages
like English and Tamil) in Indian classrooms,
current NLP models are mostly designed for
social media sentiment analysis. There is a
significant lack of tools capable of parsing
academic discourse in regional, multilingual
contexts.

Technology Contributions

To rectify these limitations, this work
presents SmartVC. Our core contributions are
summarized as follows:

e The SmartVC  Architecture: We
present the first bandwidth-adaptive,
privacy-preserving  federated learning
framework purposefully architected for
real-time virtual classrooms in low-
resource environments.

e TanglishBot NLP Engine: We build
and open-source a lightweight, 3MB
TinyBERT model fine-tuned on a newly
curated, domain-specific dataset of
12,000 utterances for Tamil-English
code-mixed educational doubt
resolution.

e XAlI-Teach Framework: We present an
explainable AI dashboard that applies
SHAP values directly to aggregated global
model parameters, generating interpretable
pedagogical  feedback  for  teachers
without exposing granular or raw
student telemetry.

e Empirical Validation: We execute a
comprehensive real-world pilot study
across an active academic semester,
establishing state-of-the-art (SOTA)
efficiency with a $68\%$ reduction in
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bandwidth requirements while running

exclusively on  low-tier, GPU-less
commodity servers.
3. _PROPOSED SYSTEM: SMARTVC
ARCHITECTURE
SmartVC is engineered upon a

decentralized client-server federated learning
topology. Student client applications (running on
low-cost Android mobile devices or legacy
laptops) process data locally, transmitting only
abstract weight vectors to the central institutional
Server.

3.1 FedEngage: Bandwidth-Adaptive, Privacy-
Preserving Attention Tracking

To circumvent the network wvulnerabilities
and ethical challenges of video-based
tracking,

FedEngage shifts the operational paradigm to
non-verbal acoustic cues.

1. Feature Extraction: The student client
application captures ambient audio
through standard device microphones. It
extracts 13 Mel-Frequency Cepstral
Coefficients (MFCCs) from rolling 3-
second audio windows, discarding raw
audio files immediately after feature
computation to preserve privacy.

2. Local Inference: A highly compressed,
2-layer Multi-Layer Perceptron (MLP)
model ($<I\text{ MB}$ footprint)
ingests these 13-dimensional vectors to
yield binary "engaged" or "disengaged"
classification updates every 30 seconds.

3. Decentralized Optimization (FedVC):
To manage highly non-IID data
distributions originating from
heterogeneous network connections and
diverse  home
introduce FedVC, a tailored modification
of the FedProx optimization routine. The
localized objective function minimized
at client node $k$ during communication
round

environments, we

$t$ is formulated as follows:

$$\min_wh_k(w) = F_k(w) +
\frac{\mu} {2} \|lw - w t\["2$$
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Where $F k(w)$ represents the local
empirical loss, $w”t$ constitutes the global
model parameter vector received from the
institutional server, and $\mu$ is a
dynamically adjusting proximal
regularization parameter. The value of
$\mu$ scales inversely with local
network performance metrics:

$$\mu = \begin{cases} 0.1 & \text{if
connection bandwidth } ‘ge 100 \text{
kbps} N\ 0.5 & \text{if connection
bandwidth  }< 50  \text{ kbps}
\end {cases}$$

By increasing $\mu$ when bandwidth
drops, the system restricts local updates
from straying too far from the global
consensus. This bounds variance, cuts
required communication rounds by
$40\% $, and ensures stable convergence
over volatile channels.

3.2 TanglishBot:
Resolution Engine

Code-Mixed Doubt

TanglishBot addresses linguistic barriers
via a lightweight natural language understanding
(NLU) sequence classification architecture. We
compressed a standard transformer model into a
3MB TinyBERT footprint via structural
knowledge distillation.

The wunderlying model is trained to
process highly phonetic, code-mixed Romanized
Tamil and English inputs ("Tanglish"). It maps
these expressions to discrete pedagogical intents:
$\mathcal {I} = \{\text{Definition},
\text{Example}, \text{Repeat}, \text{Slow
Down}\}$. The system achieves a inference
latency of just $180\text{ ms}$ on standard,
consumer-grade smartphone CPUs  without
relying on dedicated cloud tensor pipelines.

3.3 XAI-Teach:
Dashboard

Explainable Faculty

To render these decentralized insights
useful for educators without violating student
anonymity, the server-side architecture uses
XAI-Teach. Rather than displaying individual
telemetry, the system calculates SHapley
Additive exPlanations (SHAP) directly across
the aggregated global model parameter
variations. This extracts localized feature
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importance values that correspond to specific
lecture timestamps, mapping temporal shifts in
collective student focus back to specific course
topics.

[System Update: XAI-Teach Engine]

IF Time: 22:10 - 24:30 -> Associated Topic:
"SQL Database Outer Joins"

Global Disengagement Spike: +72% (SHAP
Feature Attribution: MFCC  Delta-Energy
Variance)

4. EXPERIMENTAL SETUP
Dataset Curation

The system was validated using a custom dataset
gathered across 20 hours of synchronous online
lectures in a Data Analytics syllabus at Nandha
Arts and Science College (Autonomous), Erode,
India. Prior to data collection, explicit, informed
institutional and student consent was secured.
The fully anonymized repository comprises:

e 4,200 hand-annotated, code-mixed doubt
utterances.

e 18,000
engagement/disengagement  behavioral
ground-truth  labels  validated by
independent educational

distinct

[ ]
e psychologists.
Benchmarks Evaluated

We benchmarked SmartVC against three
baseline configurations:

1. Zoom Baseline: Conventional
video/audio feed with post-hoc manual
survey feedback.

2. Centralized LSTM: A heavy,
cloud-centric Long Short-Term
Memory network demanding central
data aggregation.

3. Standard FedAvg: Traditional Federated
Averaging  lacking  network-adaptive
proximal regularization ($\mu = 0%).

Hardware Environment
Low-cost

e Institutional Server:

commodity server configured with an
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8-core generic CPU, 32GB RAM, and
no dedicated GPU infrastructure.

e Client Nodes: Heterogeneous array of
entry-level Android devices (ranging from
Android 9.0 to 12.0) representing typical
hardware  profiles in  Tier-2/Tier-3
regions.

5. RESULTS AND DISCUSSION

Quantitative Performance Matrix: The
operational results of our empirical evaluation
are detailed in Table 1.

Key Analytical Findings

Bandwidth Consumption Comparison (Lower is
Better)

Zoom Baseline |
1200 kbps Centralized LSTM|

1150
kbps Standard FedAvg | - 98 kbps

SmartVC (Ours) [J] 42 kbps

Extreme Communication Efficiency: SmartVC
achieves a 28$\times$ reduction in active
bandwidth utilization compared to standard
commercial configurations. By utilizing non-
verbal acoustic feature fields instead of raw
video streams, the system achieves an Fl1-
score of

$0.894% for engagement tracking at a mere 42
kbps. This maintains $98\%$ of the performance
of a centralized, cloud-bound LSTM model
while operating in low-connectivity zones.

Linguistic Equity: TanglishBot achieved a
fine-grained intent classification accuracy of

$92.1\%$. This represents a  absolute
improvement of $+19\%S$ over standard English-
centric models (such as base BERT), which
consistently failed to parse phonetically
transcribed Tamil words embedded within
technical queries (e.g., matching words like
"naenna" to the Definition intent).

High Pedagogical Utility: During post-pilot
evaluation, $80\%$ of participating faculty
members rated the XAI-Teach dashboard as
"Highly Intuitive and Informative" via a
Standard System  Usability Scale (SUS)
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questionnaire.

Financial Sustainability:Financial analysis
shows that SmartVC runs at an operational
cost of ¥18 per student per year, compared to
approximately X600 for commercial subscription
licenses. This makes the architecture highly
viable for government-aided,
constrained higher education institutions in
developing nations.

résource-

Ablation Analysis:To evaluate the contribution
of our adaptive proximal parameter ($\mu$), we
ran an ablation study by holding $\mu = 0%
(reverting to standard FedAvg) over simulated
2G conditions. This modification caused a
$6.2\%$ drop in the engagement classification
F1-score and triggered severe gradient divergence
across client updates. This confirms that our
bandwidth-adaptive regularization formulation is
critical for stabilizing optimization across unstable
networks.

6. CONCLUSION

This paper presents SmartVC, a
practical,  privacy-preserving, and  highly
efficient Al-enabled virtual classroom
architecture designed for resource-constrained
autonomous colleges under India's NEP 2020
framework. By combining audio-based federated
tracking, lightweight code-mixed transformers,
and explainable global model aggregations,
SmartVC addresses the critical trade-offs
between network bandwidth limitations, data
privacy requirements, and localized pedagogical
needs.

7. FUTURE WORK

While the current version of SmartVC
operates without video feeds to save bandwidth,
future iterations will look to expand its
capabilities. We plan to:

e Build direct automated integrations with
open-source LMS frameworks (e.g.,
Moodle) to dynamically adjust student
learning  paths based on  class
engagement trends.

e Launch a multi-institutional federated
learning pilot across 5 distinct rural
colleges to test the system's scalability
across broader regional dialects.
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To  encourage  collaborative
development and support the equity mandates of
NEP 2020, our complete codebase, model
weights, and curated code-mixed dataset will be
made publicly available at

open-source

github.com/anon/SmartVC following peer

review.
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