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ABSTRACT 

With the increase in the amount of textual data on the web, this study explores the 

performance of extractive text summarisation model that integrates pretrained 

contextual word embeddings with Bidirectional Long Short-Term Memory 

(BiLSTM) encoder–decoder architecture. The embeddings capture context and 

semantic relationships, while the BiLSTM mechanism addresses the vanishing 

gradient problem and enables learning of long-term dependencies in both 

directions. Experiments were conducted on subsets of the Amazon Fine Food 

Reviews dataset of 5000 samples. The model was trained using Stochastic 

Gradient Descent to optimise with a learning rate of 0.05 across 10, 20, and 30 

epochs. From the results, it shows that at 10 epochs, training and validation metrics 

are consistent and matched, indicating good generalisation with minimal 

overfitting. As the epoch increases, training loss decreases significantly; however, 

validation loss increases as dataset sizes increase with overfitting. Though, 

training performance improves dramatically, but validation performance 

deteriorates. The findings demonstrate that the training enhances memorisation of 

summarised text but required early stopping and careful epoch selection to handle 

generalisation in extractive text summarisation tasks. 

 

INTRODUCTION 

The rapid growth of digital information has made access 

to textual content, large volumes of text are generated 

daily from sources such as news platforms, academic 

publications, technical reports, emails, and social media. 

This abundance of information is valuable, and has 

created a serious challenge such as information overload. 

These make users to find it difficult to read, analyse, and 

extract useful knowledge from lengthy documents within 

a limited time. Automatic summarisation systems help 

users understand documents quickly, reduce reading 

time, and support efficient decision-making in various 

domains such as information retrieval, education, 

healthcare, and business intelligence (Sharma & Sharma, 

2022). Abstractive methods generate more natural 

summaries, often complex, computationally expensive, 

and prone to generate inaccurate or misleading 

information. As a result, extractive text summarisation 

remains widely adopted in real-world applications, 

selects salient sentences from a document while 

preserving meaning and coherence, make summaries 

more reliability and interpretability (Zhang et al, 2023). 

Most early studies on extractive summarisation relied on 

statistical features (TF-IDF) and graph-based models 

(TextRank) such methods are computationally simple, 

suffer from curse of dimensionality, increases 

computational complexity but results in out-of-

vocabulary (OOV) and poor generalisation problems. 

These approaches often failed to capture deep semantic 

relationships and leads to generation of summaries 

inconsistent with the original text (Ju et al, 2021).  

Recent studies focus on improving semantic 

representation with contextual embeddings to enhanced 

extractive text summarisation. Contextual embeddings is 

a major advancement in Natural Language Processing 

(NLP) that shows a significant impact on language 

understanding systems to capture semantic similarity. 

This enables models to generate dynamic word 

Nigerian Journal of Physics (NJP) 

ISSN online: 3027-0936 

ISSN print: 1595-0611 

DOI: https://doi.org/10.62292/njp.v35i2.2026.592  

Volume 35(2), June 2026 

 

mailto:abdullah.adebisi@oouagoiwoye.edu.ng
https://doi.org/10.62292/njp.v35i2.2026.592


An Optimized Stochastic Gradient Descent…    Abdullah et al., NJP 

265 

 NIGERIAN JOURNAL OF PHYSICS    NJP VOLUME 35(2)      njp.nipngr.org 

representations based on surrounding context rather than 

static embeddings such as Word2Vec and GloVe. Arora 

et al. (2020) presented contextual embeddings as it 

outperforms traditional methods with significant 

improvement in tasks involving complex linguistic 

structures, ambiguity and rare or unseen words. Zhong et 

al. (2020) described a semantic matching that match 

candidate summaries to documents in embedding space, 

thus, improves performance over sentence-level 

extraction. Similarly, Turton et al. (2021) presented 

contextual embeddings that can encode deep semantic 

features across model layers, improving interpretability 

and representation quality. Traditional Recurrent Neural 

Networks (RNNs) suffer from the vanishing and 

exploding gradient problems, limiting its ability to learn 

long-term dependencies. The introduction of Long Short-

Term Memory (LSTM) networks by Hochreiter & 

Schmidhuber (1997) marked a significant advantage in 

addressing these limitations. Bidirectional Long Short-

Term Memory (BiLSTM) networks model sequential 

dependencies to captures dependencies of long-range 

sequence-level dependencies in forward and backward 

directions and contextual relationships between 

sentences (Vo et al, 2024). Bano et al, (2023) 

demonstrated the combination of contextual embeddings 

with a BiGRU network for extractive summarization 

model to improve document-level representation and 

sentence selection accuracy. Long Short-Term Memory 

(LSTM) (Ghojogh & Ghodsi (2023), and Gated 

Recurrent Units (GRU) have been identified as 

promising approaches for text summarisation, achieved 

improved performance with minimal human intervention 

when trained on large datasets (Yadav et al, 2022; Yaday 

et al, 2023). In imbalanced datasets, Aduragba et al. 

(2020) enhanced contextual embeddings with BiLSTM 

and fine-tuning significantly improved classification 

accuracy. Alghamdi and Alzahrani (2024) demonstrated 

a topic-based BERT model to enhance extractive 

summarisation by integrating sentence and topic 

representations in improving semantic consistency and 

document-level coherence.  

This study demonstrates the enhancement of 

bidirectional language contextual embeddings with 

BiLSTM in sentence-level semantic understanding of 

extractive text summarisation. The major goal of this 

approach is to enable the model to generate context-

sensitive embeddings, where the same words have 

different vector representations depending on its usage. 

This improves sentence-level importance estimation 

while preserving contextual and structural coherence by 

capturing sequential dependencies for extractive 

summarization tasks and improves accuracy. To ensure 

consistency and model readiness,. the encoder-decoder 

networks are jointly optimised using Stochastic Gradient 

Descent (SGD), with the objective of minimising the 

negative log-likelihood loss function computed using a 

softmax output layer.  

 

MATERIALS AND METHOD 

In this section, bidirectional contextual embeddings 

Language Model (biLM) with sequence BiLSTM is 

considered as shown in figure 1. The datasets are 

converted to tokens using the 

keras.preprocessing.text.Tokenizer class. The datasets 

were downloaded online from amazon reviews 

(https://www.kaggle.com/snap/amazon-fine-food-

reviews/) which are in excel format. It contains 10 

features such (Id, ProductId, UserId, ProfileName, 

HelpfulnessNumerator, HelpfulnessDenominator, Score, 

Time, Summary, Text). Two (2) features (summary and 

text) were selected from the 10 features and other features 

were dropped, as these are not needed for the 

implementation.  

 

Data Pre-processing and Embedding 

The document is pre-processed (tokenization, removal of 

stopword, normalisation.) by dividing a continuous text 

document into sentence segmentation, each segmented 

sentence transforms raw text into structured sentence 

units for encoding. The variable sentence lengths is 

handled by paddle the sentences to zero values so that 

multiple filters can extract features and map them into 

fixed-length representations.  

 

https://www.kaggle.com/snap/amazon-fine-food-reviews/
https://www.kaggle.com/snap/amazon-fine-food-reviews/
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Figure 1: Text Summarisation with Contextual Word Embedding using Bidirectional 

Encoder-Decoder LSTM 

 

Word Representation with Bidirectional Contextual 

Embedding 

After pre-processing, the sentences are sent as input 

sequences to the embedding layer. This is passed into a 

Bidirectional contextual encoding model to generate 

sentence-level embedding, thus, operates on structured 

inputs. Hence, an input sequence of word embeddings 

𝑥 = (𝑥1, … , 𝑥𝑛), where 𝑥𝑖 ∈ ℝ
𝑑, is transformed through 

nonlinear operations at each time steps (t)  to generate 

contextual vector representations in both forward and 

backward states with LSTM LSTM language model 

in the learning process to capture context-dependent of 

word, performs word sense disambiguation and 

investigate the effectiveness of structure of recurrent. To 

account for a contextual dependency, the hidden 

sequence is computed for left and right (ℎ⃗ , ℎ⃖⃗) respectively 

as equation 1 and 2 with output in equation 3: 

ℎ⃗ 𝑡 = 𝜏𝐻(𝑤𝑥ℎ⃗⃗ 𝑥𝑡 + 𝑉⃗ ℎ⃗
 
𝑡−1 + 𝑏ℎ⃗⃗ )  (1) 

ℎ⃖⃗𝑡 = 𝜏𝐻(𝑤𝑥ℎ⃗⃗⃖𝑥𝑡 + 𝑉⃗⃖ℎ⃖⃗𝑡+1 + 𝑏ℎ⃗⃗⃖)  (2)  

𝑦𝑡 = 𝑈⃗⃗ ℎ⃗ 𝑡 + 𝑈⃗⃗⃖ℎ⃖⃗𝑡 + 𝑐   (3) 

w, U and V are parameters with c as bias at different 

directions with a weighted average pooling operation.  

 

BiLSTM Network Model 

The training word vectors are initialised by a pre-trained 

model to captures syntactic and semantic word 

relationships. Long Short-Term Memory (LSTM) 

consists of memory cell state ( tc ) to remember values 

over time interval and connected to three (3) gates; forget 

gate (𝜏𝑖), input gate (𝑖𝑖), and output gate (𝑜𝑖), with 

activation function  (𝛿𝑡) at interval time (𝑡)  to overcome 

the vanishing gradient problem and captures long term 

dependencies in text summarisation. According to 

Graves et al., (2013) described the LSTM network in 

equations 4:  
𝑖𝑡 = 𝜎(𝑤𝑖𝑥𝑡 + 𝑉𝑖ℎ𝑡−1 + +𝑏𝑖
𝜏𝑡 = 𝜎(𝑤𝜏𝑥𝑡 + 𝑉𝜏ℎ𝑡−1 + +𝑏𝜏
𝑜𝑡 = 𝜎(𝑥𝑜𝑡 + 𝑉𝑜ℎ𝑡−1 + 𝑏𝑜)
𝜇̑𝑡 = 𝑡𝑎𝑛ℎ(𝑤𝜏̑𝑥𝑡 + 𝑉ℎ𝑡−1 + 𝑏𝜇̑)

𝜇𝑡 = 𝜏𝑡
𝑜𝜇𝑡−1 + 𝑖𝑡

𝑜𝜇̑𝑡 }
 
 

 
 

  (4) 

      

The bidirectional LSTM is used at different epochs to 

investigate the effectiveness of the languages model. This 

involves using encoder and decoder bidirectional LSTM, 

an encoder reads the input sequence x  and generates a 

hidden state ℎ⃗ 𝑡  , and decoder generate ℎ⃖⃗𝑡.

 

Hence, the 

output units is sum up to one word probabilities using 

softmax activation function. Finally, a logistic layer 

makes a binary decision as to whether it should be 

included in the summary taking into consideration 

previous decisions. However, SGD performed parameter 

update for each training samples with the objective of 

minimising the negative log-likelihood (convergence of 

the training loss) as in equation 5 to improve accuracy, 

then, updates the parameter weights iteratively via back-

propagation 

𝐿 = −∑ 𝑙𝑜𝑔 𝑃 (𝑦𝑡|𝑦<𝑡 , 𝑥)
𝑇
𝑡=1   (5) 

Where: =ty target token, =ty previous token, =x

input sequence 

 

Experimental Setup 

The model was trained on the Amazon Fine Food 

Reviews dataset, from which two fields, Text and 

Summary, were retained. Five subsets of sizes 1000, 

Summary 

BiLSTM 

Output 

Word 

Embedding 

Source 

Document 

LSTM LSTM 

Preprocessing 

Embedding 
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2000, 3000, 4000 and 5000 reviews were constructed, 

each split 70 percent for training and 30 percent for 

validation. Three training regimes were investigated at 

10, 20 and 30 epochs, with an initial learning rate of 0.05 

using Stochastic Gradient Descent as the optimiser. The 

architecture comprises pretrained contextual embeddings 

feeding a Bidirectional LSTM encoder, an LSTM 

decoder with sigmoid activation for sentence scoring, and 

a softmax output layer that minimises the negative log-

likelihood.  

Training and Validation Performance 

From Tables 1, 2 and 3, the training loss, training 

accuracy, validation loss, and validation accuracy for 10, 

20, and 30 epochs are presented respectively. It is 

therefore a proxy for how well the model fits the 

sequence distribution of the reference summaries and 

should not be interpreted as summarisation quality 

directly. 

 

Table 1: Shows the Loss function and Accuracy for Epoch 10 

Dataset Epoch =10 for Training= 0.7 and Validation= 0.3 

Training loss  Accuracy Validation loss Accuracy 

1000 1.0211 0.8504 1.5228 0.8484 

2000 0.9398 0.8540 1.2457 0.8596 

3000 0.9533 0.8554 1.3652 0.8496 

4000 0.9793 0.8545 1.2357 0.8540 

5000 1.0070 0.8530 1.2602 0.8522 

 

Table 2: Shows the Loss function and Accuracy for Epoch 20 

Dataset Epoch =20 for Training= 0.7 and Validation= 0.3 

Training loss Accuracy Validation loss Accuracy 

1000 0.7583 0.8567 1.6421 0.8386 

2000 0.6754 0.8655 1.4444 0.8476 

3000 0.6961 0.8673 1.5914 0.8343 

4000 0.8434 0.8607 1.3418 0.8466 

5000 0.5507 0.8943 1.4941 0.8379 

 

Table 3: Shows the Loss function and Accuracy for Epoch 30 

Dataset Epoch =30 for Training= 0.7 and Validation= 0.3 

Training loss Accuracy Validation loss Accuracy 

1000 0.4596 0.8895 1.8353 0.8311 

2000 0.3745 0.9121 1.5632 0.8445 

3000 0.4676 0.9007 1.8046 0.8263 

4000 0.5169 0.899 1.5559 0.8343 

5000 0.0264 0.9958 1.7854 0.8334 

 

At 10 epochs, training and validation accuracy are closely 

aligned across all dataset sizes. Differences between the 

two quantities are below one percentage point in every 

setting, which indicates that after 10 epochs the model 

has fitted the data without memorising idiosyncrasies of 

the training partition. Training loss remains in the range 

of 0.9398 to 1.0211. 

At 20 epochs, training loss falls substantially (as low as 

0.5507 on the 5000-sample subset), while validation loss 

increases compared with the 10-epoch setting for the 

1000, 3000, and 5000 sample subsets.  

At 30 epochs, divergence between training and validation 

behaviour becomes severe. On the 5000-sample subset 

the model reaches a training loss of 0.0264 and training 

accuracy of 0.9958, while validation loss rises to 1.7854 

and validation accuracy  

Figure 2 presents validation loss and validation accuracy 

as grouped bars across the five dataset sizes, with the 

three bars per group corresponding to epochs 10, 20 and 

30. Figure 3 presents the same structure for training loss 

and training accuracy. 
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Figure 2a: Validation Loss at Epochs 10, 20 and 30 for 

each dataset size 

 

 
Figure 2b: Validation Accuracy at Epochs 10, 20 and 

30 for each dataset size 

 
Figure 3a: Training Loss at Epochs 10, 20 and 30 for each 

dataset size 

 
Figure 3b: Training Accuracy at Epochs 10, 20 and 30 

for each dataset size 

 

Figures 2a and 3a, the training loss bars shrink from 

epoch 10 to epoch 30 in every dataset, while the 

validation loss bars grow from epoch 10 to epoch 30 in 

every dataset, The divergence between these two 

directions is the defining signal of overfitting. Figures 2b 

and 3b tell the same story for accuracy: training accuracy 

bars grow with epochs while validation accuracy bars 

shrink or stagnate. Section 3.3 quantifies this effect. 

 

 
Figure 4: Training loss across epochs for each dataset 

size. Training loss decreases monotonically with 

epochs in every subset, most dramatically for 5000 

samples, which drops from 1.0070 at epoch 10 to 

0.0264 at epoch 30 

 
Figure 5: Training loss versus validation loss on the 

5000-sample subset across epochs. Training loss drops 

by more than 97 percent while validation loss rises by 

more than 40 percent, a textbook overfitting signature 

on the most data-rich configuration tested 
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Figure 6: Training versus validation accuracy at epoch 30 across all dataset sizes. The bars diverge most 

strongly on the 5000-sample subset (99.58 percent versus 83.34 percent), showing that the overfitting 

problem does not self-correct when more training data is supplied under the current configuration. 

 

Discussion 

The contextual embedding initialised BiLSTM encoder-

decoder fits the Amazon Fine Food Reviews training 

distribution to very low loss by epoch 30, but the 

validation-side evidence shows that generalisation does 

not track this improvement. Increasing the number of 

epochs without compensating for regularisation degrades 

held-out performance. Increasing the training corpus 

beyond 5000 samples is expected to shift the onset of 

overfitting to later epochs; combined with dropout, 

weight decay, and early stopping, this is the most direct 

path to improved generalisation. 

 

CONCLUSION  

The current experimental results establish that the model 

can be fitted to the training data, but the ceiling on 

validation accuracy (approximately 0.860 across all 

configurations and epochs) and the rising validation loss 

at later epochs both indicate that the proposed 

configuration is at or near the limit of what can be learned 

under the current optimisation regime and embedding 

architecture. The deficiencies embedded in the language 

model can be improved by better fine-tuning the model 

with 3 or more deep layers’ exploration for training a 

large dataset  
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