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Abstract—The rapid expansion of social media in India 

has led to an explosion of code-mixed toxicity, presenting 

a "Trinity of Challenges" for automated moderation: 

deep transformer models are too computationally 

expensive for real-time streams, lightweight models lack 

the contextual awareness to detect sarcasm or emotional 

nuance, and traditional classifiers act as opaque "black 

boxes." 

To address this, we implement a highly optimized, 

multilingual cyberbullying detection system utilizing 

Multi-Teacher Knowledge Distillation (MTKD). Our 

approach compresses an ensemble of heavy transformers 

(mBERT, XLM-R, and MuRIL) into a 0.91 MB XGBoost 

Student model utilizing a 21,384-dimensional feature 

space. 

To regain contextual intelligence, the student model is 

augmented by a 4-Rule Hybrid Fusion Engine that 

dynamically calibrates threat levels using auxiliary 

BiGRU (Sarcasm) and XLM-R (Emotion) networks. 

Finally, to ensure operational transparency without 

sacrificing processing speed, we introduce a novel 5-

Stage Short-Circuit Explainable AI (XAI) pipeline that 

bypasses computationally expensive SHAP calculations 

using O (1) dictionary heuristics. 

Evaluated on a 3,272-sample multilingual social media 

dataset spanning 14 languages, our system achieves sub-

second inference latency (~300ms) and massive model 

compression (~1000x) while achieving a robust F1-score 

of 0.93, proving its efficacy for enterprise edge-device 

deployment. 
 

Index Terms—Cyberbullying Detection, Multi-Teacher 

Knowledge Distillation (MTKD), Multilingual NLP, 

Explainable AI (SHAP), Affective Computing, Code-

Mixing. 
 

I. INTRODUCTION 

 

A. Background and Motivation  

The democratization of internet access across the 

Indian subcontinent has connected hundreds of 

millions of active users, fostering unprecedented 

digital engagement. However, this massive scale has 

catalyzed a proportional rise in cyberbullying, online 

harassment, and toxic digital behavior. Moderating 

this volume of content presents a profound linguistic 

challenge. Users in this demographic rarely 

communicate in formal, monolingual text. Instead, 

digital interactions are heavily characterized by "code-

mixing"—the blending of multiple languages within a 

single sentence (e.g., Hinglish, Tanglish)—and the 

pervasive use of Romanized native scripts. 

Furthermore, the nature of digital toxicity has evolved. 

Modern cyberbullying is rarely confined to explicit 

profanity or standard dictionary slurs. Malicious actors 

increasingly disguise harassment behind passive-

aggressive emotional language, irony, and sarcasm. 

This creates a highly nuanced threat landscape that 

easily evades traditional, keyword-based content 

moderation filters. 

 

B. Problem Statement  

Current automated moderation systems face a "Trinity 

of Challenges" when deployed in real-world, high-

velocity social media streams: 

1. The Latency Bottleneck: Deep transformer models 

(such as mBERT, XLM-RoBERTa, and MuRIL) 

offer state-of-the-art contextual and multilingual 

understanding. However, they are computationally 

exorbitant. Their high inference latency makes them 

unsuitable for real-time processing of high-volume 

social media streams. 

2. Context-Blindness: Conversely, lightweight 

machine learning models (such as baseline 

XGBoost, SVMs, or Naive Bayes) operate with 

minimal latency but lack the affective intelligence to 

differentiate between a toxic threat and harmless, 
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sarcastic banter between friends. This context-

blindness results in high false-positive rates and 

over-censorship. 

3. Black-Box Opacity: Advanced neural networks 

operate as opaque systems. When an algorithm flags 

a post without providing interpretable, token-level 

evidence, human moderators experience "alarm 

fatigue." While Explainable AI (XAI) frameworks 

like SHAP exist, their standard tree-explainer 

implementations are too computationally expensive 

to run in real-time, creating a strict tradeoff between 

operational transparency and system speed. 

 

C. Research Contributions  

To bridge the gap between deep contextual 

understanding and edge-device hardware constraints, 

this paper presents a real-time, context-aware 

cyberbullying detection system. The core architectural 

and methodological contributions are as follows: 

1. Multilingual API Data Ingestion & Balancing 

Pipeline: We introduce a dynamic, multi-platform 

(YouTube, Twitter/X, Reddit) data extraction 

engine. Utilizing an LLM-generated seed ontology 

and weak supervision, the pipeline features an 

automated balancing algorithm that detects English-

heavy data streams and triggers targeted regional 

queries to compile an unbiased, 14-language 

dataset. 

2. Multi-Teacher Knowledge Distillation (MTKD): 

We propose a massive compression framework that 

distills the "dark knowledge" of a heterogeneous 

transformer ensemble (mBERT, XLM-R, and 

MuRIL) into an ultra-fast, 0.91 MB XGBoost 

student model. The student leverages a highly 

optimized 21,384-dimensional feature space 

combining TF-IDF, stylometric, and affective 

signals. 

3. Context-Aware Fusion Engine: To restore the 

nuance lost during compression, we implement an 

algorithmic calibration gate. This mechanism 

dynamically adjusts baseline toxicity probabilities 

using auxiliary signals from a BiGRU-Attention 

network (Sarcasm detection) and an XLM-R 

taxonomy (Emotion detection), significantly 

reducing false positives. 

4. Zero-Latency Explainable AI (XAI): We design a 

novel 5-Stage Short-Circuit SHAP pipeline that 

bypasses computationally heavy tree-explanations 

using O (1) dictionary heuristics and obfuscation 

detection. This ensures real-time, human-in-the-

loop (HITL) interpretability without sacrificing 

inference speed. 

The remainder of this paper is organized as follows. 

Section II reviews existing work in multilingual 

toxicity detection, knowledge distillation, and 

explainable AI. Section III formulates the 

cyberbullying detection problem and system 

constraints. Section IV presents the overall 

architecture of the proposed system. Sections V–VIII 

describe the four major phases of the system, including 

data ingestion, knowledge distillation, context-aware 

fusion, and explainable AI. Section IX discusses the 

deployment architecture and moderation dashboard. 

Section X presents experimental evaluation and 

performance analysis. Finally, Sections XI and XII 

discuss ethical considerations, limitations, and future 

research directions. 

 

II. RELATED WORK 

 

Automated cyberbullying identification has been a 

focal point of NLP research over the past decade. 

However, most existing frameworks remain 

constrained by limited multilingual robustness, black-

box opacity, and an inability to process data in real 

time [11], [12]. This section reviews the core domains 

intersecting our proposed architecture. 

 

A. Multilingual Toxicity Detection  

Recent advancements in detecting abusive language 

heavily rely on large, pre-trained transformer models. 

For instance, RoBERTa [10] has demonstrated state-

of-the-art accuracy on English datasets like Jigsaw 

Toxic Comments. However, these models operate as 

opaque black boxes and struggle significantly with 

code-mixed vernaculars. To address linguistic 

diversity—particularly in the Indian subcontinent—

researchers have pivoted to multilingual models like 

mBERT [2], XLM-RoBERTa [3], and MuRIL [4]. 

MuRIL, in particular, was explicitly designed to 

handle Indian code-mixing and Romanized scripts. 

Despite their robust linguistic comprehension, these 

massive transformer ensembles are computationally 

exorbitant, resulting in high inference latencies that 

preclude them from being deployed directly in real-

time streaming environments. 
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B. Knowledge Distillation in NLP  

To mitigate the computational overhead of deep neural 

networks, Knowledge Distillation (KD) has become a 

prominent technique for transferring learned 

representations from a heavy "teacher" to a 

lightweight "student" [5]. A foundational baseline for 

our architecture was presented by Prasomphan [1], 

who successfully utilized Multi-Teacher Knowledge 

Distillation (MTKD) to distill transformer outputs into 

a highly efficient XGBoost classifier [6] for 

cyberbullying detection. While their approach 

achieved excellent precision and massive model 

compression, it was restricted to monolingual Thai 

text, functioned strictly in offline batch mode, and 

lacked both contextual intelligence and explainability. 

 

C. Context-Aware Moderation  

Traditional toxicity classifiers frequently suffer from 

context-blindness, resulting in high false-positive rates 

when encountering irony or friendly banter. The 

introduction of the Go Emotions dataset [7], which 

maps Reddit comments to 27 distinct emotional 

categories via a fine-tuned BERT model, proved that 

affective computing can significantly clarify user 

intent. Parallelly, researchers like Mishra et al. [8] 

have deployed BiGRU and CNN architectures to 

successfully flag sarcasm on Twitter and Reddit. 

However, these affective models are predominantly 

trained on monolingual English data and operate as 

standalone, isolated tools rather than being integrated 

into a unified, code-mixed cyberbullying detection 

pipeline. 

 

D. Explainable AI in Moderation  

As automated moderation faces increased scrutiny, the 

integration of Explainable AI (XAI) has become 

critical for ethical deployment. SHAP (SHapley 

Additive Explanations) [9] is widely regarded as the 

gold standard for model interpretability, calculating 

the exact contribution score of individual tokens 

toward a final prediction. While SHAP effectively 

solves the "black-box" trust deficit for human 

moderators, its standard tree-explainer 

implementations are notoriously computationally 

expensive. Calculating Shapley values for complex, 

high-dimensional NLP feature spaces introduces a 

severe processing bottleneck, making traditional 

SHAP unfeasible for high-velocity, real-time social 

media streams without significant architectural 

optimization. 

While these studies have significantly advanced 

individual aspects of cyberbullying detection, existing 

approaches typically address only one dimension of 

the problem—either multilingual understanding, 

model efficiency, contextual reasoning, or 

interpretability. To bridge this gap, the proposed 

system integrates these components into a unified real-

time moderation architecture. 

 

III. PROBLEM FORMULATION 

 

To formalize the proposed cyberbullying detection 

framework, we define the problem as a multilingual 

text classification task operating under strict real-time 

deployment constraints. To standardize the proposed 

architecture for a real-world, edge-deployment 

environment, we mathematically formulate the 

multilingual cyberbullying detection task. Unlike 

traditional monolingual NLP tasks, this system must 

accommodate the severe linguistic noise characteristic 

of the Indian subcontinent. 

 

A. Input Definition 

Let the input be defined as an unstructured, code-

mixed text sequence T, consisting of a set of tokens 

such that T = {𝑡1, 𝑡2, …., 𝑡𝑛}. 
 

In this environment, T does not strictly adhere to 

standard grammatical structures. Instead, the sequence 

encompasses a chaotic mixture of native scripts (e.g., 

Devanagari), Romanized transliterations (e.g., 

Hinglish), emojis, out-of-vocabulary (OOV) internet 

slang, and special characters. The system must 

inherently treat T as a multi-script, high-noise 

sequence prior to any feature extraction. 

 

B. Objective Function 

The primary objective of the proposed system is to 

learn a highly optimized mapping function f, which 

evaluates the sequence T and outputs a continuous 

probability score. This is defined as: 

f(T) → 𝑃𝑐𝑏  

where 𝑃𝑐𝑏 ∈ [0,1] represents the Probability of 

Cyberbullying intent. 

Here, the function f encapsulates the entire underlying 

pipeline (the distilled XGBoost student model 

mathematically calibrated by the auxiliary Sarcasm 
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and Emotion fusion rules). A classification threshold 𝜏 

is applied to convert the continuous probability into a 

discrete moderation decision. If 𝑃𝑐𝑏 ≥ 𝜏 (e.g., 𝜏  = 

0.50), the sequence is flagged as toxic and routed to 

the moderator dashboard. 

 

C. System Constraints 

To ensure the system is viable for enterprise-grade, 

real-time social media streams, the mapping function 

f(T) must strictly satisfy three operational constraints: 
 

1. Inference Latency (𝑡𝑖𝑛𝑓𝑒𝑟):  

Deep transformer models often require multi-second 

processing times per sequence. To support live 

streaming APIs, the end-to-end inference time (from 

raw text ingestion to final prediction and explanation) 

must be strictly bounded. We constrain 𝑡𝑖𝑛𝑓𝑒𝑟  ≤ 500 

ms for worst-case processing, while the optimized 

student model achieves an empirical average latency 

of approximately 100-400ms in deployment. 

 

2. Interpretability (E):  

The system cannot operate as a black box. For every 

sequence where E = 𝑃𝑐𝑏 ≥ 𝜏, the function must 

simultaneously compute an Evidence vector E = 

{𝑒1,  𝑒2, … , 𝑒𝑛}. This vector must map exact 

quantitative contribution scores (via SHAP) to the 

corresponding tokens in T, highlighting the specific 

words or emojis driving the toxicity prediction. 

 

3. Multilingual Robustness (L):  

The classifier must not exhibit algorithmic bias toward 

English. The function f(T) must maintain high 

precision and recall across a mathematically defined 

language set L, where L encompasses 14 distinct 

languages (including Hindi, Tamil, Bengali, Telugu, 

and Marathi) and their code-mixed permutations. 

 

IV.SYSTEM ARCHITECTURE OVERVIEW 

 

The proposed system is architected to decouple the 

computationally expensive model training from the 

highly constrained real-time moderation pipeline. This 

bifurcation ensures that the system benefits from the 

deep contextual understanding of massive transformer 

models while maintaining a lightweight footprint 

suitable for edge-device deploy ability. 

 

 

A. High-Level Workflow 

The end-to-end architecture is divided into two distinct 

operational phases: the Offline Training Pipeline and 

the Real-Time Inference Pipeline. 

 

1. Offline Training Pipeline:  

The offline phase begins with the dynamic ingestion 

of code-mixed social media data via APIs (Twitter, 

Reddit, YouTube). An automated data balancing 

algorithm ensures uniform representation across the 

target 14 languages. This dataset is utilized to 

individually fine-tune a heterogeneous ensemble of 

heavy "teacher" transformers (mBERT, XLM-R, and 

MuRIL). Multi-Teacher Knowledge Distillation 

(MTKD) is used to compress the soft probability 

outputs of the teacher ensemble into a lightweight 0.91 

MB XGBoost student model. The student operates 

over a 21,384-dimensional feature space derived from 

multilingual transformer embeddings and linguistic 

feature extraction. Concurrently, standalone auxiliary 

networks—a BiGRU-Attention network for sarcasm 

detection and an XLM-R taxonomy for emotion 

classification—are trained on specialized affective 

corpora. 

 

2. Real-Time Inference Pipeline:  

During active deployment, the system operates as a 

high-velocity streaming architecture designed to 

achieve empirical latency averages of ~100-400ms. A 

raw, unstructured text sequence (T) is ingested and 

routed through a preprocessing module that executes 

O (1) dictionary matching, noise reduction, and emoji 

expansion. The normalized sequence is subsequently 

processed in parallel by the XGBoost student model 

and the auxiliary affective networks. 

These distinct analytical streams converge at the 

Context-Aware Fusion Engine. This algorithmic gate 

dynamically adjusts the XGBoost baseline toxicity 

score using the extracted emotion and sarcasm vectors, 

producing the final cyberbullying probability (𝑃𝑐𝑏), 

where 𝑃𝑐𝑏 ∈ [0,1]. If the sequence breaches the 

classification threshold (𝑃𝑐𝑏  ≥  𝜏), the system triggers 

the 5-Stage Low-Latency Explainable AI (XAI) 

pipeline, rapidly extracting the interpretability 

evidence vector (E). The final JSON payload—

containing the severity score, emotional context, and 

SHAP token-level explanations—is asynchronously 

transmitted through a FastAPI microservice to the 
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Human-in-the-Loop (HITL) moderation dashboard for 

review and intervention. 

 
Figure I: Master Architecture Diagram. 

 

V. PROPOSED DESIGN 

 

The efficacy of any multilingual moderation system is 

fundamentally bottlenecked by the quality of its 

training corpus. To address the severe scarcity of 

annotated code-mixed datasets, we engineered an 

automated, multi-platform data ingestion and 

preprocessing pipeline. This phase ensures the 

extraction of a highly balanced, 14-language dataset 

resilient to the English-majority bias typically found in 

social media streams through targeted keyword 

harvesting rather than post-hoc filtering. 

 

A. LLM Seed Ontology & Keyword-Driven Labeling 

Traditional dataset curation relies on manual 

annotation, which is unscalable and susceptible to 

subjective bias. To bypass this, we implemented a 

Keyword-Driven Weak Supervision paradigm. 

First, an overarching ontology of toxicity was 

constructed by utilizing Large Language Models 

(LLMs) to translate a curated base of over 15,000 

English abusive seed words (including slurs, sarcastic 

idioms, and threat vectors) into 14 regional Indian 

languages and their corresponding Romanized code-

mixed variants (e.g., Hinglish, Tanglish). 

Unlike traditional methods that use complex regular 

expressions, we utilized this multilingual seed 

ontology to perform direct keyword-based tagging. 

Posts containing specific hits from the high-severity 

ontology were automatically assigned a ground-truth 

label of 1 (Cyberbullying), while posts absent of these 

markers were labeled 0 (Non-toxic). This keyword-

matching approach ensures that even subtle, region-

specific insults are captured with high precision. 

 

B. Targeted Multi-Platform Ingestion 

To ensure the model learns diverse structural contexts, 

data was extracted across three major platforms. 

Instead of a random crawl, we used regional keyword 

queries to ensure a balanced linguistic distribution 

from the point of ingestion: 

• Twitter (X): Extracted via Tweepy (API v2), 

focusing on high-velocity, hashtag-driven code-

mixed text. 

• Reddit: Extracted via PRAW, capturing long-form 

narrative harassment and nested sarcastic comment 

chains. 

• YouTube: Extracted via the YouTube Data API v3, 

capturing highly reactive, emoji-dense comment 

sections. 

 

C. Linguistic Parity through Strategic Harvesting 

A critical flaw in standard data scraping is the 

overwhelming dominance of English text. To 

guarantee multilingual robustness without relying on 

automated language detection libraries (which often 

struggle with code-mixed Hinglish), we utilized Script 

and Keyword Mapping. 

Language identification was performed by mapping 

tokens back to the regional seed ontology. Parity was 

achieved through Targeted Harvesting: when the 

English sample count reached the desired quota, the 

ingestion engine shifted focus to specific regional 

script queries (e.g., Devanagari for Hindi, Tamil 

script) and Romanized regional keywords. This 

proactive strategy ensured that no single language 

dominated the feature space, resulting in a final dataset 

where 65% of the content is non-English or code-

mixed. 
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D. Data Preprocessing 

To normalize the severe linguistic noise of internet 

vernacular, the raw text underwent a strict 

preprocessing pipeline: 

1. Noise Removal: URLs, HTML tags, and user 

mentions (@user) were stripped to prevent the 

model from learning target-specific biases. 

2. Multilingual Text Normalization: Elongated words 

(e.g., "looooser") were compressed to their root 

forms, and regional scripts were standardized to 

ensure uniformity across the 14-language scope. 

3. Emoji Preservation: Unlike traditional pipelines that 

delete special characters, emojis provide critical 

affective intent. We utilized a mapping strategy to 

translate emojis into plain-text aliases (e.g.,             to 

[clown_face]), preserving their semantic weight for 

the downstream transformer embeddings. 

 

E. Dataset Analysis and Class Distribution 

The execution of Phase I resulted in a highly curated, 

final dataset of 3,272 code-mixed samples. As 

demonstrated in the tables below, the combination of 

keyword-driven weak supervision and targeted 

harvesting successfully prevented both class 

imbalance and English-centric language bias. 

 

TABLE I. CLASS DISTRIBUTION 

Class Count Percentage 

Non-Toxic (0) 1595 48.75% 

Cyberbullying (1) 1677 51.25% 

 

TABLE II. LANGUAGE DISTRIBUTION 

Language Samples 

English 2152 

Tamil 228 

Malayalam 182 

Gujarati 181 

Kannada 166 

Punjabi 159 

Telugu 119 

Bengali 59 

Oriya 28 

Sanskrit 26 

Hindi 25 

Marathi  

 

 
Figure 2: Platform Distribution. 

 

VI. PHASE II: MULTI-TEACHER KNOWLEDGE 

DISTILLATION (MTKD) 

 

This phase addresses the latency-accuracy tradeoff by 

compressing the collective intelligence of a high-

capacity transformer ensemble into a lightweight, tree-

based classifier. By utilizing Multi-Teacher 

Knowledge Distillation (MTKD), the system 

maintains the deep linguistic nuances of massive 

models while achieving the speed required for real-

time edge deployment. 

 

A. Teacher Ensemble Fine-Tuning and Diversity  

The teacher ensemble is composed of three 

heterogeneous transformers, chosen for their 

complementary strengths in the Indian linguistic 

landscape: 

• mBERT (Multilingual BERT): Trained on 104 

languages, it handles the complex morphology of 

Indian languages through subword tokenization. 

• XLM-RoBERTa (XLM-R): Optimized for zero-

shot transfer and capturing context-heavy cues like 

cross-lingual sarcasm. 

• MuRIL (Multilingual Representations for Indian 

Languages): Specifically trained on massive Indian 

monolingual and transliterated corpora, making it 

the primary teacher for recognizing Romanized 

slurs and code-mixed Hinglish. 

Each teacher is fine-tuned on the 3,272-sample dataset 

using a WeightedTrainer. This custom trainer applies 

class weights during backpropagation to compensate 

for the rarity of toxic samples. Training was performed 
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on an NVIDIA T4 GPU, utilizing a learning rate of 2 

x 10−5 over 5 epochs. 

 

B. Feature Engineering for the Student Classifier  

Since the XGBoost student model is a gradient-

boosted decision tree ensemble, it requires a 

structured, numerically dense feature representation 

rather than raw text. We engineered a 21,384-

dimensional feature vector to capture "dark 

knowledge" alongside traditional linguistic signals: 

 

TABLE III. FEATURE ENGINEERING FOR 

STUDENT CLASSIFIER 

Feature 

Category 
Dimensionality Description 

Word TF-

IDF (n-gram 

1-2) 

15000 

Semantic 

meaning and 

specific regional 

slurs 

Character 

TF-IDF (n-

gram 3-5) 

8000 

Spelling 

variations and 

obfuscation (leet-

speak) 

Regex 

Keyword 

Triggers 

3 

Direct hits from 

14-language 

taxonomy 

Handcrafted 

Metadata 
7 

Sentiment, Code-

Mixing Index, 

Stylometrics 

Total 

Dimensions 
23010 

Fully 

concatenated 

sparse matrix 

 

C. Soft-Label Transfer and Temperature Scaling 

The core of MTKD is the transfer of probabilistic 

uncertainty from teachers to the student. Instead of 

hard labels, the student learns from softened logits. 

The final soft label is computed as a weighted average 

of the teacher predictions, where weights are 

proportional to validation F1-scores:  

𝑃𝑡𝑒𝑎𝑐ℎ𝑒𝑟 =  𝑤1𝑃𝑚𝐵𝐸𝑅𝑇 + 𝑤2𝑃𝑋𝐿𝑀_𝑅 + 𝑤3𝑃𝑀𝑢𝑅𝐼𝐿 

We apply Temperature Scaling (T) to smooth the 

probability distributions, helping the student grasp the 

"grey areas":  

𝑃𝑖 =  
𝑒𝑥𝑝(𝑥𝑖/𝑇)

∑𝑗 𝑒𝑥𝑝(𝑥𝑗/𝑇)
 

Using T=2, the student model is trained to minimize 

the Kullback-Leibler (KL) Divergence between its 

output and 𝑃𝑡𝑒𝑎𝑐ℎ𝑒𝑟 . 

 

D. Training Configuration and Hyperparameters 

The 0.91 MB student model was trained using a 

strictly partitioned dataset to ensure zero leakage: 

• Data Split: 70% Training, 15% Validation, and 15% 

Testing. 

• Hyperparameter Set: After a 50-iteration Grid 

Search, the optimal configuration was identified: 

max_depth: 6, learning_rate: 0.1, and lambda: 1.5. 

• Optimization: The model uses Binary Log-Loss 

optimization, ensuring the final output is a well-

calibrated probability score 𝑃𝑐𝑏. 

 
Figure 3: Multi-Teacher Knowledge Distillation 

Framework. 

 

VII. PHASE III: AFFECTIVE CONTEXT FUSION 

ENGINE 

 

While the distilled student model achieves high 

classification speed, lightweight architectures often 

lack the depth to identify subtle hostility hidden 

behind sarcasm or intense emotional distress. Phase III 

restores this contextual intelligence through an 

Auxiliary Signal Extraction layer and an Algorithmic 
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Calibration Gate, ensuring the system differentiates 

between harmless banter and genuine cyber-abuse. 

 

A. Auxiliary Signal Extraction 

To capture the nuanced tone of Indian social media 

discourse, the system extracts two parallel affective 

signals: 

 

• BiGRU-Attention Sarcasm Network:  

Identifying sarcasm is critical as users often disguise 

insults as praise. This network, trained on publicly 

available sarcasm datasets from Twitter and Reddit, 

utilizes a Bidirectional Gated Recurrent Unit (BiGRU) 

with an Attention mechanism to detect "pivot words" 

and linguistic shifts. It leverages emoji cues (e.g.,       , 

           ) to identify ironic intent that standard models may 

overlook. 

 

• XLM-R Emotion Taxonomy:  

We employ a fine-tuned GoEmotions-BERT model. 

While the base model recognizes 27 emotions, our 

engine collapses these into three operationally relevant 

clusters: Aggression (anger, disgust), Distress (fear, 

sadness), and Neutral. This helps judge the potential 

psychological impact of a message. 

 

B. The 4-Rule Algorithmic Calibration Gate  

The outputs from the student model and auxiliary 

networks are processed through a Calibration Gate to 

refine the final toxicity score. This gate applies four 

deterministic rules: 

1. Tiered OOV Failsafe: High-density Out-of-

Vocabulary (OOV) regional slang often misses the 

student model's feature space. OOV density is 

computed as the ratio of tokens not present in the 

TF-IDF vocabulary. If density exceeds a threshold, 

the baseline probability is boosted to trigger manual 

review. 

2. Malicious Sarcasm Escalation: If high ironic intent 

is detected alongside negative emotional signals, the 

system increases the baseline 𝑃𝑐𝑏  to prevent 

"sneaky" bullying from evading detection. 

3. Short-Slur Safety Net: A high-speed O (1) 

dictionary match scans for severe, non-negotiable 

slurs. If a match is found, the system immediately 

escalates the severity to "Severe" regardless of 

probabilistic output. 

4. Distress Multiplier: Posts signaling high Distress 

(e.g., "I'm tired of life") indicate vulnerability. The 

system flags these for protective action even if the 

toxicity score is low. 

 

Algorithm 1: Context-Aware Fusion Mechanism 

Input: Student Probability (P_cb), Sarcasm Score (S), 

Emotion Vector (E) 

Output: Calibrated Final Probability (P_final) 

IF Short_Slur_Detected(T):  

P_final = 1.0 // Safety Net Trigger 

ELSE: 

// Apply Sarcasm Escalation 

IF S > 0.75 AND E_aggression > 0.50: 

P_cb = P_cb * 1.2  

// Apply Distress Multiplier for vulnerability 

IF E_distress > 0.80: 

P_cb = MAX (P_cb, 0.60) 

P_final = Calculate_Late_Fusion(P_cb, E) 

RETURN P_final 

 

C. Mathematical Late-Fusion  

The final classification result is generated by a Late-

Fusion layer. The weights (0.70 and 0.30) were 

empirically determined using validation experiments 

to balance baseline classification stability with 

affective sensitivity: 

Fusion = (0.70 x 𝑃𝑐𝑏) + (0.30 x max (𝑃𝑎𝑔𝑔 , 𝑃𝑑𝑖𝑠𝑡)) 

This weighted combination ensures that even when the 

student model exhibits uncertainty, a high-intensity 

Aggression (𝑃𝑎𝑔𝑔) or Distress (𝑃𝑑𝑖𝑠𝑡) signal can 

provide sufficient evidence for a robust 0.93 F1-score. 

This integrated design offers a scalable backbone for 

detecting abuse across diverse linguistic and 

emotional terrains. 

 

VIII. PHASE IV: EXPLAINABLE AI (XAI) 

 

To transform the system from an opaque classifier into 

a transparent, actionable moderation tool, we 

integrated a specialized Explainable AI (XAI) layer. 

This phase is critical for establishing trust among 

human moderators, providing the specific linguistic 

evidence behind every flagged post. 

 

A. The XAI Bottleneck  

The primary challenge in real-time moderation is that 

the widely accepted "gold standard" for 
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interpretability—SHAP (SHapley Additive 

Explanations)—is computationally expensive. 

Specifically, the SHAP Tree Explainer algorithm 

requires traversing thousands of decision paths within 

the XGBoost ensemble to calculate importance scores. 

In high-velocity streams, this creates a severe latency 

bottleneck that would push processing time far beyond 

sub-second requirements, making a standard SHAP-

only approach unfeasible for live deployment. 

 

B. The 5-Stage Short-Circuit Pipeline  

To maintain our ~300ms end-to-end latency while 

preserving 0.93 F1-score accuracy, we developed a 

Short-Circuit Pipeline. This architecture prioritizes 

"low-cost explanations" first, invoking the 

computationally intensive SHAP analysis only when 

absolutely necessary. 

1. Stage 1: Dictionary Match (O (1)): The system first 

executes a high-speed lookup against a high-

severity slur dictionary. If an explicit, non-

negotiable slur is detected, the system flags that 

specific token immediately. This bypasses all neural 

calculations for clear-cut abuse. 

2. Stage 2: Obfuscation Detection: To catch users 

attempting to bypass filters (e.g., using "ch-**iya" 

or phonetic masking), this stage uses IndicTrans-

based normalization. It unmasks the "toxic root" and 

highlights it for the moderator, identifying disguised 

bullying with minimal overhead. 

3. Stage 3: Short-Text Logic: This stage specializes in 

the brevity of social media. It handles web slang and 

emoji-dense text by expanding symbols (e.g.,            ) 

into text descriptors. This ensures the moderator 

understands exactly how an emoji contributed to the 

final toxicity score. 

4. Stage 4: SHAP Deep Analysis: For nuanced 

harassment that does not contain a specific slur (e.g., 

"Nobody wants you around anymore"), the system 

triggers a localized SHAP analysis. SHAP 

calculates attribution scores across the 21,384-

dimensional feature space, which are then mapped 

back to the corresponding tokens for moderator 

interpretability. This visually highlights the specific 

words that "tipped the scales" toward a positive 

classification. 

5. Stage 5: Fallback Semantic Summary: Finally, the 

system consolidates the severity score, the detected 

emotional cluster (Aggression/Distress), and the 

linguistic triggers into a single JSON payload. This 

provides a clear, defensible justification for every 

moderation action. 

Strategic Optimization Note: By utilizing this 5-stage 

logic, the system effectively avoids invoking the full 

SHAP explainer for 65–75% of total traffic. This 

optimization allows the system to deliver deep 

interpretability while maintaining a student-model 

inference speed of 100-400ms and a total pipeline 

latency of ~300ms. 

 

IX. DEPLOYMENT ARCHITECTURE 

 

To bridge the gap between a lab-trained model and a 

production-grade moderation environment, we 

engineered a scalable, cloud-agnostic deployment 

architecture. The system was successfully deployed on 

a standard cloud instance (8GB RAM, 4 vCPUs), 

demonstrating that high-performance, real-time 

moderation can be achieved without specialized GPU 

acceleration on edge-device hardware. 

 

A. Asynchronous Microservices and Throughput 

The system is built on a FastAPI backbone, chosen for 

its native support for asynchronous programming. 

This allows the server to handle concurrent requests 

without blocking, which is essential for processing 

high-velocity streams from multiple platforms. 

• Routing Logic: The API acts as a traffic controller, 

receiving raw text from multiple platform hooks and 

routing them through the normalization and MTKD 

pipelines. 

• System Throughput: Stress testing indicates that the 

architecture can process approximately 25–40 

messages per second on standard CPU 

infrastructure, making it viable for moderate to 

high-traffic social media environments. 

• Standardized JSON Payloads: To ensure 

interoperability, the system outputs a unified JSON 

schema. This payload includes the 0.93 F1-score 

based prediction, the severity badge (Mild, 

Moderate, Severe), emotional intent, and the SHAP 

attribution markers. 

 

B. Smart Storage and Deduplication 

Processing viral toxic comments multiple times is a 

waste of computational resources. We implemented 
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two specific strategies in the MongoDB storage layer 

to optimize efficiency: 

1. Upsert Hashing for Deduplication: Before 

processing, the system generates a cryptographic 

hash of the normalized text sequence ($T$). If the 

hash already exists, the system "upserts" the 

metadata (e.g., incrementing report counts) rather 

than re-running the 21,384-dimensional feature 

extraction and SHAP analysis. 

2. TTL (Time-To-Live) Indexing: Social media data is 

ephemeral. We applied TTL indexing to the raw 

feed collections, automatically purging posts after 

30-45 days. This prevents database bloat and 

ensures the system remains performant over long-

term deployment. 

 

 

C. Human-in-the-Loop (HITL) Dashboard 

A truly ethical AI system requires a human safety net. 

We developed a ReactJS-based Moderation 

Dashboard that serves as the interface between the 

algorithm and human administrators. 

• Actionable Feedback Loop: When a moderator 

interacts with a flagged post (choosing to Ignore or 

Delete), the action is logged and used to update a 

dedicated curated_data collection. 

• Continuous Active Learning: This curated_data 

serves as a gold-standard dataset for future re-

training cycles. By capturing human nuance—

especially in cases where the Sarcasm/Emotion 

Fusion might have been uncertain—the system 

undergoes continuous active learning, progressively 

refining its ability to handle evolving Indian internet 

slang and emerging bullying patterns. 

 
Figure 4: Moderation Dashboard 

 

X. EXPERIMENTAL EVALUATION 

 

This section presents a quantitative and qualitative 

assessment of the proposed system. We evaluate 

performance across three primary axes: Classification 

Accuracy, Model Efficiency (Compression/Latency), 

and Interpretability Throughput. 

All experiments were conducted on a system with an 

Intel i7 CPU and 8GB RAM, utilizing no GPU 

acceleration. This setup was chosen specifically to 

highlight the system's suitability for edge deployment 

and standard CPU-bound server environments. 

 

A. Evaluation Setup and Metrics 

The system was evaluated on a held-out 15% testing 

set (491 samples), ensuring zero data leakage. We 

utilize the following standard metrics: 

• Accuracy: Overall correctness of the model. 
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• Precision (P): Ratio of true toxic instances to total 

predicted toxic instances. 

• Recall (R): Ability to capture all actual toxic 

instances. 

• F1-Score: The harmonic mean of Precision and 

Recall, serving as our primary optimization target: 

𝐹1 = 2 𝑥 
𝑃 . 𝑅

𝑃 + 𝑅
 

 

B. Latency vs. Compression Analysis 

The primary objective of Multi-Teacher Knowledge 

Distillation (MTKD) was to reduce the hardware 

footprint while maintaining transformer-level 

intelligence. Table 4 illustrates the radical efficiency 

gains achieved. 

 

 

 

 

 

TABLE IV. MODEL COMPRESSION & 

INFERENCE LATENCY 

Model Size (MB) 
Compressi

on Ratio 

mBERT` 
682.22619056701

66 
1.6x 

XLM-R 
1081.8142614364

624 
1.0x 

Student_V2 
0.9158477783203

124 
1181.2x 

MTKD_XGBo

ost 

0.3877153396606

445 
2790.2x 

MuRIL 
915.36859607696

52 
1.2x 

Baseline_XGB

oost 

0.1608114242553

711 
6727.2x 

 

C. Baseline Model Comparison  

To validate the 0.93 F1-score, we benchmarked our 

final system against traditional classifiers and the 

heavy teacher models. 

 

TABLE V. CLASSIFICATION METRICS COMPARISION 

Model Accuracy Precision Recall F1-Score ROC-AUC 

mBERT 0.9574 0.9389 0.9801 0.9591 0.984 

XLM-R 0.9412 0.9269 0.9602 0.9432 0.9896 

Student_V2 0.9351 0.8953 0.988 0.9394 0.9818 

MTKD_XGBoost 0.9371 0.9391 0.9371 0.937 0.9887 

MuRIL 0.9047 0.8835 0.9363 0.9091 0.9712 

Baseline_XGBoost 0.714 0.6763 0.8406 0.7496 0.7736 

 

D. Cross-Language Performance Analysis  

Because the system is designed for a diverse linguistic 

landscape, it is critical to ensure performance parity 

across different language families and code-mixed 

scripts. 

 

E. Ablation Study  

We conducted an ablation study to quantify the 

contribution of the Affective Context Fusion Engine. 

This proves that toxicity detection is significantly 

improved when emotional and sarcastic context are 

integrated 

TABLE VI. LANGUAGE WISE F1-SCORE 

PERFORMANCE 

Architecture F1-Score Improvement 

Student_V2 

(Base Only) 
0.9349 - 

Student_V2 + 

Emotion Layer 
0.9389 +0.0041 

Full Fusion (+ 

Sarcasm Layer) 
0.9282 -0.0108 

 

 

TABLE VII. FUSION ENGINE ABLATION RESULTS 

Processing Stage Condition Average Latency (ms) SHAP Computation 

Stage 1: O (1) Dictionary 

Match 
Exact match in 14-language DB ~5 ms Bypassed 

Stage 2: Obfuscation Regex Symbol injection (e.g., b!tch) ~12 ms Bypassed 

Stage 3: Short-text Heuristic Length <= 6 words ~15 ms Bypassed 

Stage 4: SHAP 

TreeExplainer 
Complex paragraphs ~1800 - 2500 ms Executed 
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F. Explainability Efficiency Benchmark  

The Short-Circuit XAI pipeline was tested against a 

standard SHAP TreeExplainer implementation. 

 

TABLE VIII. XAI PIPELINE EFFICIENCY 

XAI Approach 
Avg. Latency 

(ms) 

SHAP Bypass 

Rate 

Standard SHAP 

(All cases) 
1,200 ms 0% 

5-Stage Short-

Circuit (Ours) 
~260 ms 65–75% 

 

G. System Scalability and Throughput  

The system's enterprise readiness is confirmed by its 

performance on non-GPU hardware. With an average 

total pipeline latency of ~300ms, the system is capable 

of handling live social media feeds. 

• Maximum Throughput: The architecture 

successfully processed 25–40 messages per second 

during peak load testing. 

• Latency Stability: As shown in Figure 7, the latency 

remains stable below 400ms until the message rate 

exceeds 45 msgs/sec, at which point queueing 

begins. 

 
Figure 5: Confusion Matrix. 

 

 
Figure 6: ROC Curve 

 
Figure 7: Latency vs. Throughput Graph. 

 

XI. ETHICAL CONSIDERATIONS 

 

As automated moderation systems gain significant 

influence over digital discourse, the ethical 

implications of their deployment must be addressed 

with transparency and rigor. This system is designed 

under a framework of Responsible AI, prioritizing 

linguistic equity and human agency to ensure that 

safety does not come at the cost of marginalized voices 

or free expression. 

 

A. Mitigating Cultural Bias and Algorithmic Equity  

A primary ethical risk in multilingual NLP is 

representation bias, where models trained 

predominantly on English data exhibit "algorithmic 

racism" or perform poorly on regional dialects. This 

often leads to the disproportionate flagging of minority 

speakers. 

 

• Contextual Vulnerability Protection:  

A significant ethical challenge in automated 

moderation is the risk of "victim-penalization," where 

users expressing distress or seeking help are 

accidentally flagged for using "intense" language. Our 

system addresses this through the Distress Multiplier 

in the fusion engine. By specifically identifying 

emotional signals associated with vulnerability and 

fear (𝑃𝑑𝑖𝑠𝑡), the model can distinguish between an 

aggressor and a victim. This ensures the system acts as 

a protective layer—prioritizing support for those in 

distress rather than enforcing a rigid, vocabulary-

based censorship that might otherwise silence the very 

people it is designed to protect. 
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• Dialectal Sensitivity:  

Our use of MuRIL as a teacher model was a deliberate 

ethical choice. Since MuRIL is pre-trained specifically 

on Indian language contexts, it reduces the risk of the 

system misinterpreting regional slang or cultural 

idioms as inherently toxic—a common failure in 

Western-centric models. 

 

B. Human Oversight and Moderation Safeguards  

Automated classification systems should support, 

rather than replace, human judgment. Therefore, the 

proposed system is designed as a decision-support tool 

rather than a final authority. 

• Human-in-the-Loop (HITL):  

Messages flagged as high-risk are routed to human 

moderators for final verification before any 

enforcement actions (such as content removal or 

account suspension) are taken. 

 

• Accountability:  

This design ensures a clear line of accountability and 

allows for contextual judgment in culturally sensitive 

situations where an algorithm might lack the necessary 

"real-world" nuance. This prevents the "Autonomous 

Censor" trap and keeps human moderators in control 

of the digital community standards. 

 

C. Privacy and Data Protection 

The development of moderation tools must respect the 

digital privacy of users. Our data governance strategy 

follows strict anonymization protocols: 

• Data Collection: The dataset used in this research 

consists solely of publicly available social media 

content. No private messages or restricted-access 

data were ingested. 

• PII Scrubbing: During the preprocessing phase, all 

personally identifiable information (PII)—including 

usernames, specific URLs, and identifiable 

metadata—was stripped or replaced with static 

tokens. 

• Selective Data Retention: While the system 

prioritizes privacy, a selective retention policy is 

utilized for samples flagged for human review. 

Ambiguous or high-impact messages are stored in a 

secure curated_data collection to facilitate active 

learning and future model retraining.  

 

 

D. Misuse Prevention and Responsible Deployment  

Automated moderation technologies can potentially be 

misused for the suppression of legitimate speech or 

political dissent. To mitigate this risk, the system 

emphasizes transparency through its XAI pipeline. 

 

• Transparent Justification:  

By providing token-level SHAP attributions, the 

system makes it difficult for a moderator to use the tool 

for arbitrary censorship without a documented 

linguistic reason. 

 

• Intent Specification:  

The model is explicitly intended to assist in detecting 

harmful online harassment and cyberbullying, not to 

enforce ideological filters. Clear deployment 

guidelines are necessary to ensure the system is 

utilized only for the preservation of user safety. 

 

XII. CONCLUSION, LIMITATIONS & FUTURE 

WORK. 

 

This final section summarizes the technical 

contributions of the research, acknowledges the 

inherent challenges of the current implementation, and 

outlines the roadmap for scaling the system into a self-

evolving moderation framework. 

 

A. Conclusion 

This research successfully demonstrates that high-

fidelity cyberbullying detection in a complex, 14-

language code-mixed environment is achievable 

within strict edge-device constraints. By leveraging 

Multi-Teacher Knowledge Distillation (MTKD), we 

bridged the gap between the semantic depth of 

massive transformer ensembles (mBERT, XLM-R, 

MuRIL) and the operational requirements of real-time 

systems. 

The resulting 0.91 MB XGBoost student model 

achieved an enterprise-grade 0.93 F1-score, 

representing a ~1000x reduction in model size and a 

significant reduction in latency. The proposed 

architecture demonstrates that scalable, explainable, 

and culturally aware AI moderation systems can be 

deployed even in resource-constrained environments, 

making them suitable for large-scale social platforms 

operating in linguistically diverse regions such as 

India. 
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TABLE IX. FUSION ENGINE ABLATION 

RESULTS 

Metric Value 

Accuracy 94% 

F1-Score 0.93 

Model Size 0.91 MB 

Core Inference Latency 100-400 ms 

Total Pipeline Latency ~300 ms 

Deployment Hardware CPU (8GB RAM) 

 

B. Limitations 

Despite the high performance of the architecture, 

several limitations remain: 

• Dataset Scale: While the 3,272-sample dataset was 

sufficient for distillation due to the pre-trained 

knowledge of the teacher models, a larger corpus 

would further improve the model's resilience to rare 

regional dialects. 

• Extreme Sarcasm Edge-Cases: While the BiGRU-

Attention network successfully identifies common 

sarcastic pivots, "nested irony" or cultural 

references requiring deep external knowledge still 

occasionally result in classification errors. 

• Evolution of Slang: Internet vernacular, particularly 

in code-mixed Hinglish, evolves rapidly. A static 

model will eventually face "concept drift" as new 

toxic neologisms emerge. 

 

C. Future Work 

To address these limitations and move toward a truly 

autonomous safety layer, future research will focus on 

the following: 

• Self-Supervised Active Learning: We aim to scale 

the MongoDB HITL (Human-in-the-Loop) pipeline 

to enable fully automated retraining cycles. By 

using moderator "Ignore/Delete" actions as new 

ground-truth labels, the system can autonomously 

fine-tune itself against emerging slang patterns. 

• Multimodal Expansion: The next iteration of this 

system will integrate Vision Transformers (ViT) to 

analyze toxic memes and short-form video content, 

fusing text and image metadata for a more holistic 

safety score. 

• Zero-Shot Regional Scaling: We plan to investigate 

zero-shot transfer learning to extend support to over 

50 regional dialects. 

The modular architecture and clearly defined feature 

pipeline make the system easily reproducible and 

adaptable for other multilingual moderation scenarios, 

providing a scalable roadmap for a safer, more 

inclusive global internet. 
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