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Abstract  

Cyberbullying is often limited to the analysis of static and individual messages, an approach that is less effective 

at detecting the situational nature of online bullying and its escalation. The proposed study presents another theory 

Emotion Trajectory Modeling, which assesses the temporal dynamics of emotional states in a whole conversation. 

To perform this analysis, a hybrid deep learning model, which combines Transformer network and Convolutional 

Neural Network (CNN), is suggested. Transformer component to infer long-range contextual dependencies across 

the conversational sequence is used to model the emotional arc over time. At the same time, the CNN derives 

strong local features and hierarchical patterns of individual messages, distinguishable textual identifiers of 

abusive language. Such a two-architecture system will allow the system to detect sudden, negative changes in the 

emotional tone of a conversation, as they are one of the key indicators of bullying. The Multi-Label Twitter 

Dataset on Online Abuse was used to train and test the model. The classification accuracy is proven by 

experimental validation to be 96%. Such a good performance confirms the hypothesis that a dynamic analysis 

based on trajectories is better than the sole inspection of messages. The combination of global context awareness 

(Transformer) with local feature extraction (CNN) introduces a more accurate and reliable system of identifying 

complex types of cyberbullying.  
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1.INTRODUCTION  

With the growth of digital communication, social 

interaction has been transformed fundamentally and 

has developed new avenues of contact and sense of 

community. Nevertheless, the very connectivity has 

increased the incidence and severity of 

cyberbullying. The long-term psychological 

tormenting as a result of harassment online is a 

serious social and technical issue. The current 

automated detection systems have been majorly 

based on content analysis at the message level, i.e. 

flagging of individual keywords, phrases, or 

sentiment scores. This is a very static form of 

approach. It does not reflect the subtle, situational 

and frequently gradual aspect of real world bullying 

which does not exist in a single message, but in the 

build-up of an overall transaction. This study is an 

alternative to any of these unchanging approaches as 

it introduces a system of Emotion Trajectory 

Modeling. The hypothesis is that the temporal 

dynamics of emotion in a conversation has a stronger 

signal to predict harassment as compared to any 

single text. Rather than the question of whether an 

individual message is toxic, this work poses how the 

emotional coloring of a conversation changes with 

time. Sudden, sharp or prolonged negative deviation 

of this path may reveal hidden ill will that cannot be 

effectively analyzed at a single point. A hybrid deep 

learning architecture is suggested to attain it. The 

model also combines the use of a Transformer 

network that is found to be good at modeling long-

range interactions within a sequence and a 

Convolutional Neural Network (CNN) that is meant 

to extract strong local features of the text. This two-

pronged strategy enables one to conduct a 

comprehensive examination of the dialogue and the 

actual contents that propel it.  

The principal objectives guiding this research are:  

• To develop a hybrid deep learning 

architecture for dynamic cyberbullying 

detection.  

• To model conversational emotion as a 

temporal trajectory, not a static state.  

• To identify bullying by detecting negative 

shifts in the emotional sequence.  

• To validate the model's performance on a 

benchmark dataset for online abuse.  
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2.RELATED WORK  

Identifying cyberbullying was once simple lexical 

examination, and has now developed to advanced 

contextual modeling. Early studies were mainly 

concerned with feature engineering based on 

ngrams, bag-of-words and TF-IDF featurings 

together with conventional machine learning 

classifiers [1-3]. Support Vector Machines (SVMs) 

and Naive Bayes were commonly used due to their 

performance in text classification tasks [4, 5], 

although they were frequently poor at the art of 

implicit aggression and sarcasm [6, 7]. They were 

early systems, but they lacked the processing 

capabilities to handle sequential context due to their 

dependence on superficial features [8]. With the 

development of deep learning, there were more 

powerful models of this task. Convolutional Neural 

Networks (CNNs) were used as they yield 

hierarchical local features in text [9, 10], but 

Recurrent Neural Networks (RNNs) and Long 

Short-Term Memory (LSTM) networks were 

employed in extracting sequential dependencies in 

messages [11-13]. These models exhibited better 

performance because they learnt data-driven 

representation, which minimized the manual feature 

approval [14, 15]. Subsequent research combined 

mechanisms of attention and LSTMs to attend to the 

most salient abusive portions in a text [16]. In 

parallel to these architectural developments, a new 

research direction, which centered on sentiment and 

emotion analysis as key indicators of harmful 

content, appeared [17, 18]. These methods sought to 

measure the latent emotional conditions, i.e. anger, 

sadness, or fear, in association with cyberbullying 

incidents instead of categorizing text based on 

whether the is bullying or not [19, 20]. This 

transformation gave a more detailed insight into 

detrimental relations. Nevertheless, the majority of 

these techniques continued to examine post or 

comments individually [21]. Current studies have 

used large-scale Transformer-based models, 

including BERT, based on their deep contextual 

knowledge of language [22, 23]. The models have 

also achieved new standards in different NLP tasks, 

such as abuse detection [24]. Although they are 

powerful, they have continued to be used in 

cyberbullying studies mostly in the single-incidence 

classification. There is still a considerable gap in the 

temporal dynamics of conversations modelling. 

Another essential, but underresearched, aspect of 

cyberbullying is the development of emotional states 

during a series of contacts, in which aggression tends 

to increase. This paper fills this gap by 

conceptualizing the detection of cyberbullying as an 

issue of modeling the emotional paths. Although 

conversation threads have been previously analysed 

in some works [25], no one has explicitly modelled 

the emotional arc as the main signal to be detected.  

3. SYSTEM METHODOLOGY  

The conceptualization of the proposed methodology 

is that cyberbullying detection is a sequence analysis 

issue in which the dynamic of states of emotions in 

a conversation is modeled to detect a bad intent. It 

uses a hybrid architecture, which is a 

Transformerbased encoder with a temporal 

Convolutional Neural Network (CNN). The model 

initially gains profound contextual representations of 

single messages and the sequence of these 

representations is analyzed to reflect temporal 

variations in emotion.  

  
Fig 3.1: System Methodology  

The following image demonstrates the entire process 

of the cyberbullying detection system. It starts with 

the conversation text messages going into the 

Transformer Encoder which breaks down deep 

emotional content of each individual message. These 

emotional scores are then it becomes a compilation 

into an Emotion Trajectory Matrix, a chronological 

map of the emotional patterning of the conversation. 

This matrix is then fed through a Temporal CNN, a 

part that is specifically trained to recognize 

meaningful patterns, i.e. a sudden change to 

hostility. According to the patterns that are identified 

in such trajectory, a final Classification is provided 

by the system, which describes the whole 

conversation as either a Bullying Detected or 

NonBullying.  

3.1  Input  Representation  and 

 Contextual Encoding  

Each conversation is treated as a time-ordered series 

of 𝑇 posts, written as 𝐶 = (𝑚1, 𝑚2, … , 𝑚!). For a 

single post 𝑚", the matrix of token embeddings is 

denoted 𝐸#! ∈ ℝ$×&model, in which 𝑁 gives the number 

of tokens in the post and 𝑑model gives the width of 

every embedding vector. Because selfattention is by 

itself insensitive to word order, a fixed sinusoidal 

position code 𝑃 ∈ ℝ$×&model is added to these 

embeddings, with its even and odd columns filled as 

follows:  
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𝑝𝑜𝑠 

𝑃(()*, 2-) = sin .100002-/&model2  

𝑝𝑜𝑠 

𝑃(()*, 2-01) = cos .100002-/&model2  

Here, 𝑝𝑜𝑠 marks the location of a token inside the 

post and 𝑖 indexes the embedding coordinate. The 

sum 𝑋 = 𝐸#! + 𝑃 is then passed to the Transformer.  

Message-level analysis is carried out by a 

Transformer encoder block that stacks a multi-head 

self-attention sublayer and a token-wise feedforward 

sublayer. Given the input 𝑋, every attention head 

evaluates scaled dot-product attention over its query, 

key and value matrices:  

𝑄𝐾! 

Attention(𝑄, 𝐾, 𝑉) = softmax 9; 𝑉  

:𝑑1 A total of 

ℎ heads run this computation side by side, and their 

outputs are joined and linearly mapped:  

MultiHead(𝑋) = Concat(head1, … , headℎ)𝑊2 

head- = Attention=𝑋𝑊-3,  𝑋𝑊-4,  𝑋𝑊-5?  

A skip connection wraps both the attention sublayer 

and the feed-forward sublayer, and the resulting sum 

is normalized (LN). For any sublayer function, this 

step reads:  

LN=𝑋 + Sublayer(𝑋)?  

Layer normalization rescales each activation as:  

𝑧- − 𝜇 

LN(𝑧-) = 𝛾  √𝜎2 + 𝜖 + 𝛽  

in which 𝜇 and 𝜎2 denote the mean and the variance 

computed over the input 𝑧, and 𝛾 and 𝛽 are trainable 

gain and offset terms. After normalization, a 

twolayer feed-forward block with a ReLU 

nonlinearity acts on every token position 

independently:  

FFN(𝑧) = ReLU(𝑧𝑊1 + 𝑏1)𝑊2 + 𝑏2 The 

encoder state at the [CLS] position is retained as a 

compact emotional descriptor of the whole post and 

is written as 𝑆" ∈ ℝ&model.  

3.2 Emotion Trajectory Modeling with Temporal  

CNN  

Stacking the post-level emotion vectors (𝑆1, 𝑆2, … , 
𝑆!) row by row yields the emotion trajectory matrix 

𝐌conv ∈ ℝ!×&model. A temporal CNN scans this matrix 

to locate pronounced swings in affect. Each one-

dimensional kernel 𝑘 ∈ ℝℎ×&model spans ℎ consecutive 

posts and slides along the time axis, so that the 

response for the window beginning at post 𝑡 is:  
ℎ81 &model 

𝑐" = 𝑓 PQ Q 𝑘-,6 ⋅ (𝐌conv)"0-, 6 + 𝑏S  
-70 671 

Here 𝑓 denotes a nonlinearity such as ReLU, and 𝑏 

is the offset of the kernel. Every response map is then 

reduced to its strongest entry through maxover-time 

pooling, 𝑐  = max{𝑐1, 𝑐2, … , 𝑐!8ℎ01}, which keeps the 

single most informative cue along the trajectory.  

3.3 Classification and Model Training Joining the 

pooled outputs of all 𝑝 kernels gives the vector 𝐯 = 
X𝑐1  , 𝑐2   , … , 𝑐(  Y, which is passed to a fully connected 

output layer with softmax normalization to obtain 

class probabilities:  

exp=𝐯!𝑊6 + 𝑏6? 

𝑦[ = 𝑃(𝑦 = 𝑗 ∣ 𝐶) =   

All components are optimized jointly by reducing 

the categorical cross-entropy ℒ computed across 𝑀 

training conversations:  
 9 4 

1 

ℒ(𝜃) = − 𝑀 Q Q 𝑦-,1 log=𝑦[-,1?  

-71 171 

In this expression, 𝑦-,1 is a one-hot indicator that 

equals 1 when conversation 𝑖 carries class 𝑘 and 0 

otherwise, 𝑦[-,1 is the corresponding model 

probability, and 𝜃 collects every trainable weight in 

the network.  

4. DATA PROCESSING AND FORMULATION  

The success of the proposed network depends 

significantly on careful data preparation and 

accurate definition of the learning task. The dataset 

used in this work, Multi-Label Twitter Dataset for 

Online Abuse, can be defined as 𝒟 = {(𝐶-, 𝑦-)}$-71 

where 𝐶-is the individual conversation and  𝑦- ∈ {0,1}  

that shows the presence or absence of cyberbullying.  

Raw text is first cleaned by a normalization operator  

𝛷. Applied to each incoming post 𝑚raw ∈ 𝐶-, 𝛷 

converts all characters to lower case and strips 

hyperlinks, @-mentions and symbols that carry no 

meaning, producing the cleaned sequence 𝑚clean. 

Next, a WordPiece tokenizer 𝒯 with vocabulary 𝑉 

splits 𝑚clean into sub-word units and converts them 

into the index sequence 𝑆 = (𝑤1, 𝑤2, … , 𝑤:), with 𝑤6 

∈ {1, … , |𝑉|} and 𝐿 denoting the number of tokens. 

Since the network expects inputs of constant size, 

sequences longer than 𝐿max are cut and shorter ones 

are filled with zeros.  

Formally, the task is to learn a mapping 𝐹; that 

assigns each conversation 𝐶 a bullying probability 𝑦[ 
∈ [0,1]. Training searches for the parameter vector 

𝜃∗ that gives the lowest average loss ℒ across 𝒟:  
$ 

𝜃∗   

This mapping 𝐹; is implemented through the hybrid 

network described next. 4.1 Model Architecture  

The network couples a Transformer encoder with a 

CNN, so that long-range sequential context and 

short-range feature patterns are both represented.  

1. Input Embedding Layer  

The index sequence 𝑆 = =𝑤1, 𝑤2, … , 𝑤:max? is 

mapped to dense vectors by adding a learned token 
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lookup and a learned position lookup. With 𝐄tok ∈ 

ℝ|5|×&model as the token table and 𝐄pos ∈ ℝ:max×&model as 

the position table, row 𝑗 of the input matrix 𝐗 ∈ 

ℝ:max×&model is obtained as:  

𝐗[𝑗, : ] = 𝐄tokX𝑤6, : Y + 𝐄pos[𝑗, : ],   𝑗 = 1, … , 

𝐿max  

2. Transformer Encoder  

Context is injected by a Transformer block built on 

multi-head self-attention. Within head 𝑘, one of ℎ 

heads, the matrix 𝐗 is multiplied by three trainable 

projections 𝐖 &model×&" to produce the 

query, key and value matrices:  

𝐐1 = 𝐗𝐖13,  𝐊1 = 𝐗𝐖14,  𝐕1 = 𝐗𝐖15  

Head 𝑘 then weights the values according to the 

normalized query–key similarity:  

𝐐 𝐊! 

 Attention1(𝐐1, 𝐊1, 𝐕1) = softmax 9 1 1; 𝐕1  

:𝑑1 

The ℎ head outputs are placed side by side and 

mapped back to width 𝑑model through 𝐖2 ∈ 

ℝℎ&"×&model:  

 MultiHead( ) 

= Concat(Attention1, … , Attentionℎ)𝐖2  

A skip connection and layer normalization follow the 

attention sublayer, after which a token-wise feed-

forward block completes the Transformer layer. This 

block applies two affine maps separated by a ReLU 

nonlinearity:  

FFN(𝐙) = ReLU(𝐙𝐖1 + 𝐛1)𝐖2 + 𝐛2  

Putting these steps together, one layer transforms an 

input 𝐙 as:  

𝐙′ = LayerNorm=𝐙 + MultiHead(𝐙)?,  𝐙out = 
LayerNorm=𝐙′ + FFN(𝐙′)? Stacking several such 

layers produces the contextsensitive matrix 𝐇trans ∈ 
ℝ:max×&model.  

3. Convolutional Neural Network (CNN) Layer 

The matrix 𝐇trans is handed to the convolutional 

stage, whose role is to capture informative shortspan 

patterns. This stage contains 𝑚 kernels {𝐰1, 𝐰2, … , 
𝐰#}, each 𝐰6 ∈ ℝ1×&model covering 𝑘 adjacent 

positions. Sliding kernel 𝑗 over 𝐇trans yields the 

response map 𝐜6 with entries:  

𝑐6- = ReLU=w𝐰6, 𝐇trans[𝑖: 𝑖 + 𝑘 − 1, : ]x + 𝑏6? 

where ⟨⋅,⋅⟩ is the element-wise (Frobenius) inner 

product and 𝑏6 is the offset of kernel 𝑗. Each response 

map is summarized by its largest value through max-

over-time pooling:  

 𝑐6   = max{𝑐6-|  
- 

Collecting these maxima across the 𝑚 kernels gives 

the fixed-length descriptor 𝐕cnn = [𝑐1  , 𝑐2  , … , 𝑐#  ].  

4. Classification Layer  

The descriptor 𝐕cnn enters a dense output unit 

equipped with the logistic function 𝜎(𝑧) = 1/(1 + 
𝑒8>), which returns the bullying probability:  

𝑦[ = 𝑃(𝑌 = 1 ∣ 𝐶; 𝜃) = 𝜎(𝐖?𝐕cnn + 𝐛?)  

Here 𝐖? and 𝐛? are the trainable weights and offset 

of the output unit. The full parameter set 𝜃 is fitted 

by minimizing the binary cross-entropy averaged 

over the training data:  
$ 

1 

ℒ(𝜃) = − 𝑁 Q[𝑦-log(𝑦[-) + (1 − 𝑦-)log(1 − 𝑦[-)]  

-71 

5. SYSTEM IMPLEMENTATION  

The emotion trajectory system was built in two parts: 

an environment for training and tuning the core 

model, and a deployment layer that links the trained 

network to an interactive front end for live analysis.  

5.1 Core Model Implementation The network was 

developed in Python version 3.8 using PyTorch and 

the backbone encoder came from Transformers. The 

training process took place in a GPU cluster with 

NVIDIA A100 GPUs, making use of CUDA 11.4 for 

hardware acceleration. For optimization, AdamW 

was used, where decoupling of weight decay from 

the adaptive moment estimates takes place. 

Parameter θ update at step t is:  

𝑚" = 𝛽1𝑚"81 + (1 − 𝛽1) 𝑔"  

𝑣" = 𝛽2𝑣"81 + (1 − 𝛽2) 𝑔"2  

 𝑚" 𝑣" 

𝑚" = 1 − 𝛽1" ,  𝑣[" = 1 − 𝛽2"  

𝑚" 

 𝜃" = 𝜃"81 − 𝜂 9 + 𝜆 𝜃"81;  

:𝑣[" + 𝜖 

In this regard, 𝑔" is the gradient at time t, η is the step 

size, 𝛽1 and 𝛽2 control the rate of decay of the first 

moment and the second moment estimates 

respectively while λ controls the rate of decay of the 

weights. In order to enhance the process of 

convergence, the step size was annealed using the 

cosine schedule as follows:  

 1 𝑇cur 

𝜂" = 𝜂min + 2  (𝜂max − 𝜂min) 1 + cos .𝑇max  𝜋2  

with 𝑇cur denoting the epoch reached so far and 𝑇max 

the planned number of training epochs. 5.2 User 

Interface and Model Integration A convenient 

web browser-based GUI has been created to allow 

interaction with the model. In the back-end, Flask 

application exposes the trained model through a 

RESTful inference API endpoint. The client 

application written in React.js allows users to enter 

conversation text and sends it to the endpoint as 

JSON request. For achieving the performance 

requirements of near real-time, post training 



Emotion Trajectory Modeling: A Hybrid Transformer-CNN Approach for Cyberbullying Detection  

  IJDDT Volume 16 Issue 86s 2026  Page: 1399  

quantization approach has been used to change 

single precision floating-point weights (𝑤@32) to 8-

bit integers (𝑤-8). It is widely known that 

quantization is a very effective way to decrease 

memory and increase the speed of inference. The 

following mapping exists:  

𝑤@32 

 𝑤-8 = round 𝑆 + 𝑍  

We use 𝑆 to indicate the scale factor and 𝑍 to denote 

the zero-point shift. The total latency 𝐿total  for 

responding to a particular request becomes a major 

metric of service performance; it is the sum of 

latency incurred through the network, preprocessing 

latency, model latency, and serialization latency of 

the response.  

𝐿total = 𝐿net + 𝑇pre + 𝑇inf + 𝑇post  

The whole service is packaged in Docker containers, 

which keeps it portable across hosting environments. 

Each API reply returns the predicted label (bullying 

or non-bullying) together with its confidence 

probability.  

6. RESULTS   

The practical usefulness of the suggested Emotion 

Trajectory model is best illustrated by the fact that it 

can directly be applied to a sample conversation, and 

its distinctive diagnostic ability can be traced. That 

is the main strength of the architecture since it can 

scan the emotional curve of a conversation as a 

whole rather than just individual messages to see 

malicious intent. As Figure 1 represents, the model 

gives a clear representation of an identified 

cyberbullying incident. The emotional valence of 

every conversational turn is plotted in the figure and 

we see that we have a stable and neutral feeling, 

which is abruptly disrupted by a negative turn. This 

is what defines the exact point of transformation 

between a harmless conversation and an offensive 

assault. The model does not merely indicate the last 

abusive message, but recognizes the whole 

communication as a pathological experience induced 

by the extreme decrease in the emotional tone. This 

qualitative finding, which demonstrates the finding 

of an increasing trend, is the basis of the quantitative 

performance as discussed below. This picture shows 

the GUI of a recent, stand-alone application that can 

identify text-based cyberbullying. The interface is 

divided into two broad parts that depict a definite 

workflow to a user. The input panel is located on the 

left and it is used to submit content. It has two 

analysis means, a Paste Text field, where one can 

simply paste the comments, and a Fetch from URL 

field, where comments can be extracted as per a 

given web site. Once the content is offered, the user 

can start the analysis by pressing the big button at the 

bottom which says "Analyze Comments" and 

triggers the analysis. The panel on the right-hand 

side is the results panel and the results of the analysis 

appear here. The system records the comments that 

the system has worked on with the individual 

colorcoding emphasizing problem comments. As 

indicated, the comments that are marked as Toxic 

Language Detected and Cyberbullying are marked 

with a warning sign in a red box. To give more 

information, the tool can be viewed in detail to see 

all the items which have been flagged. The picture 

reveals that once the function of selection of the 

result of the Cyberbullying is chosen, a box with the 

information is presented. Certain information is 

presented in this box that includes a Confidence 

Score which denotes the confidence of the system, 

the nature of the violation and the original text of the 

comment that brought about the alert.  

6.1 Quantitative Efficacy and Benchmarking  

The qualitative strength is proven by the strict 

quantitative analysis. The model was trained and 

evaluated on the Multi-Label Twitter Dataset on 

Online Abuse with a stratified 80/10/10 split. The 

experiments were trained using 50 epochs on an 

NVIDIA A100 with AdamW. The performance 

metrics achieved by the experiments were as 

discussed in Table 1. The test accuracy of the 

proposed ET-CNN model was 96.0, which is 

considerably high compared to all the benchmark 

models. The low results of the baseline models are 

educative. The poor performance of the SVM with 

the accuracy of 85.4% confirms that simple lexical 

features cannot be used to reflect the intricate 

semantics of online abuse. It is the standard CNN, 

which is somewhat improved, but that mostly only 

retrieves localized features and does not understand 

the sequentiality of a conversation. The LSTM 

model is more accurate (91.5) which confirms the 

significance of sequence however all parts of the 

sequence are weighted equally. The BERT model, 

which is a potent baseline, works extremely well 

when it comes to single message classification (93.2) 

but is by its very nature blind to turn-by-turn 

escalation, which is the main concern of our 

proposed architecture. The success of ET-CNN is 

that it combines the BERT-equivalent contextual 

understanding with a temporal examination of the 

dynamics of the contextual understanding.  
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Fig 5.1:Cyberbullying User interface that fetches 

url and detects the comment with cyberbullying  

  
Fig 5.2: Visualization of the emotional trajectory for 

a detected cyberbullying incident.   

The y-axis will display the emotional valence score 

(positive to negative) and the x-axis the development 

of the conversation in four turns. The negative turn 

at message 4 (Valence: -0.97) is sharp, which is 

detected as a bullying event.  

Model  Accurac 

y  

Precisio 

n  

Reca 

ll  

F1Scor 

e  

SVM  +  

TF-IDF  

85.4%  0.86  0.84  0.85  

CNN  89.1%  0.90  0.88  0.89  

LSTM  91.5%  0.92  0.91  0.91  

BERT  

(Single  

Msg)  

93.2%  0.94  0.92  0.93  

ET-CNN  

(Propose 

d)  

96.0%  0.97  0.95  0.96  

Table 1: Overall Performance Comparison with 

Benchmark Models.  

  

Fig  5.3:  Performance  Benchmark  of  

Cyberbullying Detection Models.  

An ablation study was used to further test the 

architectural design (Table 2). This research paper 

disintegrates the said model to evaluate the input of 

its main elements. The findings are especially 

informative. They demonstrate that there is no 

contextual perspective of the Transformer and there 

is no pattern recognition of the time CNN that can be 

used in isolation to reach peak levels. The 

Transformer-only model is a powerful 

singlemessage classifier, which is the symbiosis with 

the temporal CNN which examines the sequence of 

the Transformer outputs that delivers the 

performance lift of 2.8%. This proves that the 

smartness of the model is based on its power to read 

the emotional story over time.  

Model Component  Accuracy  F1- 

Score  

Transformer 

 Encoder Only  

93.2%  0.93  

Temporal  CNN  (w/  

GloVe)  

88.5%  0.88  

ET-CNN (Full Model)  96.0%  0.96  

Table 2: Ablation Study of ET-CNN Components.  

6.2 Real-Time Implementation and Viability  

In addition to accuracy, computational efficiency is 

necessary in practice. Table 3 compares the 

performance properties of the model to the BERT 

limit, together with a post-training quantized variant 

of our model (ET-CNN-QINT8). The implications 

of these findings in practice are also important. In the 

case of a service that handles millions of 
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conversations every hour, even a 60-plus percent 

(64ms over 25ms) reduction in latency would mean 

the difference between real-time user experience and 

a significant reduction in the costs of the 

infrastructure. The 75 percent reduction in model 

size associated with quantization, in addition to 

reducing storage, also enables the application to 

edge devices or where there is a memory constraint. 

This efficiency coupled with an insignificant 

reduction in accuracy is what makes the ET-CNN 

architecture a highly resilient and commercially 

viable solution to large-scale content moderation.  

Model  Model  

Size  

(MB)  

Avg.  

Latency  

(ms)  

Throughput  

(conv/s)  

BERT  

(Baseline)  

420  58  17  

ET-CNN  

(FP32)  

455  64  15  

ET-

CNNQINT8  

115  25  40  

Table 3: Real-Time Performance Benchmarks on a 

Single GPU.  

CONCLUSION  

This work presented a new Emotion Trajectory 

Modelling to detect cyberbullying and surpass the 

limitations of the static analysis of the single 

messages. The suggested hybrid Transformer-CNN 

model is effective in the mapping of the emotional 

curve of a conversation, detecting the intensifying 

enmity that is typified of online harassment. This 

state-of-the-art accuracy was 96.0 percent, which is 

much higher than known LSTM and BERT-based 

benchmarks. Qualitative analysis was used to test the 

strength of the model in identifying harmful patterns, 

rather than a keyword, and post-training quantization 

was used to confirm the model can be used in 

practice. The effectiveness of such methodology 

implies the existence of a stronger and more context-

driven paradigm of automated content moderation. 

Further studies will be done to expand this 

framework to multi-modal analysis, which involves 

visual data, and test its application in different social 

media platforms, as well as introduce explainable AI 

methods to achieve better model transparency and 

assist human moderators.  
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