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 Sentiment analysis is a technique for evaluating text to ascertain whether a 

statement is positive, negative, or neutral. Currently, transformer-based 

models capture the contextual relationships among words in a phrase and 

accomplish sentiment analysis in a nuanced manner via multi-head attention. 

This approach, with a fixed number of layers and heads, struggles to find the 

complex relationships between phrases and their semantic structures. To 

mitigate this issue, the suggested technique incorporates the graded multi-

head attention model (GMHA) at the base of the distilled bidirectional 

encoder representations from transformers (DistilBERT) model. It is 

employed to augment the layers and heads progressively, capturing the 

relationships between sentences in a sophisticated manner. By increasing the 

layers and heads the proposed model extracts long-term and hierarchical 

relationships from the sentence. Additionally, the attention sentient 

optimization technique is introduced, which improves model learning by 

giving more weight to important words in a sentence. During training, the 

process checks to see which words (“amazing" or "worst") get more 

attention and gives them more weight in the model update. This makes it 

easier for the model to understand important emotions. Our suggested model 

enhances performance in sentiment exploration, with an accuracy of 96.53%. 

This interpretation includes a comparison analysis with another 

contemporary framework. 
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1. INTRODUCTION  

Sentiment analysis, commonly referred to as opinion mining, is utilized in natural language 

processing (NLP). Sentiment analysis is a task used to processing textual data, including product reviews, 

consumer comments, social media material, and news [1]. The sentiment can be categorized into three 

classifications [2]. Positive content words suggest a good attitude or contentment; negative emotion phrases 

signify disappointment, critique, or adverse perspectives; and neutral sentiment the text conveys no specific 

emotions or lacks clarity [3]. Aspect-based sentiment analysis (ABSA) is a technique in the field of NLP 

designed to discern the sentiment directed at particular elements or attributes of a product, service, or subject 

within a specified sentence [4].  

Initially, rule-based systems employed lexicons for the analysis of sentiment in text. The rule-based 

methodology exhibits constraints such as substantial development effort, limited flexibility, and challenges in 

https://creativecommons.org/licenses/by-sa/4.0/
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processing complex sentences [5]. As a result, machine learning emerged. Diverse techniques, such as 

support vector machines and naive Bayes, are employed for sentiment classification [6]. However, it 

necessitates sufficient training data and is challenging to locate context-specific data [7].  

Deep learning appeared significantly to mitigate contextual dependency. Numerous deep learning 

techniques utilized in sentiment analysis comprise recurrent neural network (RNN), long short-term memory 

(LSTM), and bidirectional encoder representations from transformers (BERT) models [8]. RNNs and LSTMs 

encountered difficulties with long-range word dependencies, leading to the development of attention models, 

which proficiently discern crucial words in sentences and encapsulate extended dependencies in text [9]. 

Multi-head attention requires significant computational resources and several hyperparameters, which are 

difficult to optimize [10]. The conventional multi-head attention distributes uniform attention among all 

heads and layers, leading to heightened memory usage and computational requirements [11].  

To overcome this limitation, our proposed model incorporates graded multi-head attention 

(GMHA), which gradually rises the number of focused heads throughout layers. This enhancement allows the 

model to effectively capture both semantic and syntactic patterns at varying levels of granularity. The model 

uses the contextual relevance filter (CRF) were employed to eliminate superfluous and relevant information 

before classification. This allows the model to focus on sentiment relevant attributes while discarding 

extraneous data. Additionally, this study introduces the novel approach is attention-sentient gradient 

optimization (ASGO), which gives more important to the sentiment rich terms during the training process. It 

modifies gradients of sentiment rich words based on attention scores instead of treating all words equally. 

This work enhances sentiment classification systems by incorporating various attention layers, filtering 

techniques, and gradient optimization approaches, leading to improved robustness and interpretability. 

 

 

2. METHOD  

2.1.  Data pre-processing  

In NLP, text preprocessing is a vital process that includes cleaning and transforming the data into a 

machine-readable format [12]. Among the many tasks involved are stop word elimination, tokenization, 

lemmatization, and stemming. These steps reduce the noise in the data, thereby rendering it easier to navigate 

and more useful for analysis [13]. The next step involves transforming the text into token embedding using 

the DistilBERT embedding technique, which establishes the context-dependent connection between the 

words in the sentence [14]. 

 

2.2.  DistilBERT model 

DistilBERT is a pretrained model appropriate for recent applications, especially sentiment analysis. 

It achieves a good balance between efficiency and accuracy, making it useful for real-time tasks and 

situations where computational resources are inadequate [15]. Despite its small size, it retains a high level of 

accuracy in emotion classification. The DistilBERT model is a more compact interpretation of the BERT 

model, being 40% smaller and 60% faster [16]. Although BERT has 12 transformer encoders, DistilBERT 

employs only 6 encoders [17], however, it achieves performance comparable to BERT in a nuanced fashion, 

as demonstrated in the Figure 1. This study examines the text utilizing the 6-transformer model with  

12 attention heads, commencing with the translation of sentences into tokens by DistilBERT embedding, and 

subsequently transforming each token into vectors [18]. This feature vector navigates the six transformer 

layers, each consisting of multi-head self-attention and a feedforward network [19]. Each self-attention layer 

calculates the attention score for every token, so capturing the inter-relationships among tokens while 

concurrently emphasizing different facts of the text [20]. Each token in the sentence is represented as  

w1, w2, …, wn, and word embedding can be expressed by (1). Let X be the input sentence with the n words. 

 

𝑋 =  {𝑤1, 𝑤2, 𝑤3 … 𝑤𝑛} (1) 

 

Following tokenization and word embedding, we acquire the input representation matrix E. E is the 

embedding vector with n rows and d columns, with d indicating the embedding dimension of the DistilBERT 

model, which is 768 as in (2) [21]. 

 

𝐸 =  [ 𝑒1, 𝑒2, … . . , 𝑒𝑛]   ∈  𝑅 𝑛 𝑥 𝑑 (2) 

 

The attention score for each token is computed using the (3). 

 

𝐴𝑑 = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
) (3) 
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In this instance, Ad signifies the attention score for each token, while Q, K, and V denote the input words. 

The hidden state value of DistilBERT, referred to as Hd, is calculated using the (4) and relayed to the  

GMHA layer [22]. 

 

𝐻𝑑 = 𝐴𝑑 𝑉 (4) 

 

2.3.  Proposed graded multi-head attention 

The transformer-based model faces challenges with complex and long-range dependencies and 

existing model possesses a predetermined quantity of layers and heads [23]. In this context, each attention 

layer treats all tokens equally, lacking a focus on varying levels of abstraction. therefore, this study 

incorporated GMHA following the final hidden layer of DistilBERT. In the GHMA method, the layers are 

progressively increased, effectively capturing the semantic information in the text with nuance. The initial 

layer consists of two heads, designed to learn the syntactic structure and basic word dependencies within the 

sentence. In the second layer, the number of heads increases by four to emphasize phrases and nearby 

relationships. The third layer further expands the heads by eight to capture contextual dependencies among 

the words. Finally, the fourth layer increases the heads by twelve to address long-range dependencies, with a 

strong focus on sentiment-rich words. 

 

 

 
 

Figure 1. Architecture of transformer model [24] 

 

 

The DistilBERT model is designed for wide application; however, its graded mechanism is 

specifically optimized for sentiment analysis, effectively capturing language nuances [25]. The proposed 

architecture represented in Figure 2. In the proposed architecture, the pre-processed review is embedded 

using DistilBERT embedding, which is subsequently sent to the DistilBERT model. This model comprises a 

fixed number of layers and heads, specifically six layers and twelve heads, allowing the review to be 

processed through all these layers and the attention score for each token to be calculated. These layers 

capture the contextual relationships and dependencies among the words and generate hidden information, 

which is then transmitted to the GMHA module. By applying multiple attention heads hierarchically across 

layers, the GHMA improves feature extraction and enables the model to capture longer-range and deeper 

dependencies. This strategy improves its ability for understanding complicated semantic patterns in a text. 

GHMA effectively improves the contextual knowledge, which is subsequently utilized for additional analysis 

such as attention sentient optimization technique. The attention score for each token is calculated by 

acquiring the hidden information Hd from the base model and multiplying it by the learnable weight 

parameter Wh, according to (5) and (6). Were, 𝑄ℎ = 𝐻𝑑   𝑊𝑄
ℎ, 𝐾ℎ = 𝐻𝑑   𝑊𝑘

ℎ, 𝑉ℎ = 𝐻𝑑   𝑊𝑣
ℎ. 

 

𝐴ℎ = 𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄ℎ𝐾ℎ

𝑇

√𝑑𝑘
) (5) 

 

The updated concealed representation result of GMHA Hh can be computed utilizing the successive formula. 

 

𝐻ℎ = 𝐴ℎ𝑉ℎ (6) 
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Figure 2. Proposed framework for GMHA architecture 

 

 

2.4.  Attention controller 

The attention controller determines where to stop layer incrementation and how many layers should 

be added to the GHMA. The attention score for each level is computed and compared with the previous layer. 

The cosine similarity measure was used to compare this score with the score for the previous layer; if the score 

is less than or equal to the threshold value of 0.001, it indicates that the model has already learned enough 

about the context and is not benefiting much from the addition of more layers. The controller then stops to add 

layers. The threshold value is set at 0.001, which is useful for addressing long-range dependencies. This aids 

the model in avoiding pointless calculations and concentrating solely on pertinent data.  

 

2.5.  Contextual relevance filter 

GMHA generates attention scores while also offering superfluous information and deceptive 

patterns. The contextual filter methodically eliminates noise and irrelevant information before sending data to 

the classifier. The formula for obtaining the hidden information is shown in (7). 

 

𝐺𝑓 = 𝜎(𝑊𝑔𝐻ℎ) (7) 

 

The Wg denotes the trainable weight matrix, while Hg signifies hidden information derived from GMHA.  

The Gf provides the assessed weight for each feature. 𝜎 denotes the sigmoid activation function. The filtered 

output is then formulated in (8). 

 

𝐻𝑔 =  𝐺𝑓  ⊙ 𝐻ℎ (8) 

 

The aforementioned formula denotes the cumulative filtered features transmitted to the subsequent level for 

categorization. ⊙ denotes element-wise multiplication.  

 

2.6.  Attention sentient gradient optimization 

This optimization strategy increases sentiment analysis quality by updating the weights of the most 

essential terms in the sentence while training. Traditional optimizers, such as Adam, update the weights of 

words during training, but they treat all tokens equally. Our suggested method finds the most essential word 

in the text using the attention score from DistilBERT and GHMA. For example, "The product is amazing but 

the battery is not good." In this statement, the words "amazing" and "not good" will receive more attention 

and weight than the other words. This additional information is provided to the traditional optimizer, which 
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gives higher weight to key words during backpropagation. By focusing on the appropriate words, the model 

learns more effectively and improves its ability to understand feelings. The model uses the standard gradient 

with the Adam optimizer, employing the (9). 

 

∇𝐿 =
𝜕𝐿

𝜕𝑤
 (9) 

 

Next the ASGO reweight the gradient using the (10), then the amend gradient ∇𝐿′ used to rejuvenate the 

model parameter using optimizer like Adam. 

 

∇𝐿′ = ∇𝐿 ⊙ (𝐴𝑑 + 𝐴ℎ) (10) 

 

 

3. RESULTS AND DISCUSSION  

The proposed work includes collecting review comments from e-commerce platforms through 

application programming interfaces (APIs) in the categories of mobile phones and accessories, as well as 

clothing and accessories, and performing data annotation. We gathered more English language comments 

from online sources, including positive, negative, and neutral sentiments, as depicted in Figure 3.  

The yielded dataset details represented in the Table 1, it shows our dataset is reasonably balanced and 

suitable for sentiment analysis. 
 

 

 
 

Figure 3. Review comments dataset 
 

 

Table 1. Dataset distribution 
Class Number of comments 

Positive 36965 

Negative 27929 

Neutral 26376 

 

 

The model was trained and deployed with this dataset to conduct sentiment analysis on the review 

comments. The model utilizes the Adam optimizer to identify the parameters necessitating updates.  

The principal study illustrates that the model utilizes both GMHA and an Attention sentient optimization 

method, alongside a pretrained model, hence improving the efficacy of sentiment analysis tasks. The existing 

pretrained model, includes only self-attention layer, it uses fixed number of nodes and layers for semantic 

analysis, but various processing layer essential to process composite information contained in the sentence. 

So, in our proposed model used progressive attention on the sentences, it increases the precision, recall and 

accuracy of the model. The model has a precision of 96.23%, an F1-score of 96.32%, a recall of 96.53%, and 

an accuracy of 96.53%. The depicted GMHA can manage the complex relationships among the texts. 

We utilized our dataset with several established sentiment analysis models, sentiment analysis-

attention gated recurrent unit (GRU), sentiment analysis-attention BERT. Sentiment analysis-attention 

robustly optimized BERT pretraining approach (RoBERTa) and compared the results with our suggested 

model. Table 2 illustrates the comparison of precision across different sentiment analysis models. 
 

 

Table 2. Performance evaluation of sentiment analysis models 
Model  Precision Accuracy 

SA-attention GRU 82.6 83.3 

SA-attention BERT  86.3 86.6 

SA-attention RoBERTa 90.2 90.4 

GMHA 96.23 96.53 
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This proposed research investigates the effects of consecutive layers and parallel attention.  

The proposed model exhibits superior results compared to an alternative model, with the precision 

comparison illustrated in Figure 4. The current approaches employing attention mechanisms are assessed, as 

the innovative attention mechanism is effortlessly included into the existing model relevant to our suggested 

framework. The current model primarily enhances the optimization of neural networks. The existing attention 

system encodes phrases and evaluates the sentiment strength of words; nevertheless, its efficacy is limited. 

Our suggested model utilizes the attention mechanism alongside an optimization method to improve weight 

adjustment during backpropagation, hence allocating greater weight to significant words inside the phrase. 

Figure 5 illustrates the accuracy association between our suggested model and the established model. 

 

 

 
 

Figure 4. Precision comparison 

 

 

 
 

Figure 5. Accuracy comparison 

 

 

4. CONCLUSION  

The GMHA approach accomplishes sentiment analysis on review comments with sophistication. 

This novel method utilizes a GMHA mechanism and an optimization strategy to capture the contextual 

connections among words in a phrase. It systematically describes the relationship, incorporating syntactic and 

semantic attributes from the text through the gradual enhancement of attention layers. This approach 

enhances the model's efficacy and exhibits strong adherence to recognized NLP paradigms. It gathers more 

precise data to enhance the model's efficacy. The proposed methodology was evaluated using a real dataset, 

producing effective results employing our optimization techniques. We employed the same real dataset for 

the present models and performed analyses; based on the outcomes of this experiment, we compared them 

with our proposed model. The proposed work employs attention sentiment optimization strategies that 

prioritize sentiment intensity words during hyperparameter tuning, so highlighting the more significant 

components of the phrase in various aspects of review comments and producing more accurate findings in a 

nuanced manner. Future endeavors will include integrating additional linguistic external knowledge into the 

model and endeavoring to implement the model using a multidomain dataset. 
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