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Abstract: Automatic text summarization plays an important role in transforming lengthy documents into concise and 

informative representations. The abstractive summarization aims to generate sentences that capture the semantic 

meaning of the source text. This study proposed semantic and syntactic augmentation in transformer-based abstractive 

summarization using two encoder–decoder models such as a BART-based model enhanced with SpaCy Part-of-Speech 

analysis and RoBERTa-based semantic embeddings, and a prompt-guided T5 model, in which task-specific textual 

prompts were appended to the input sequence to guide the summarization process during fine-tuning and inference. 

Both models were trained and evaluated on the BBC News dataset using ROUGE parameters. The final results show 

that the T5 model obtained ROUGE-1 of 45.61, ROUGE-2 of 30.12, and ROUGE-L of 45.12. The BART model 

obtained ROUGE-1 of 44.28, ROUGE-2 of 28.70, and ROUGE-L of 44.72. The results indicate that the prompt-based 

T5 model combined with linguistic feature augmentation can improve the quality of abstractive summaries. However, 

as the reference summaries in news datasets contain extractive characteristics, ROUGE-based evaluation reflects lexical 

overlap in addition to abstractive generation. The final findings show the improved abstractive summarization 

performance within the constraints of the dataset and evaluation protocol. 

 

Index Terms: Natural Language Processing, Text Summarization, Transformer Models, BART, T5, Semantic Features, 

Syntactic Features. 

 

 

1. Introduction 

In the age of information overload, the ability to automatically condense large volumes of textual data into concise 

and consistent summaries becomes increasingly essential [1]. Text summarization serves as a critical tool to enable 

rapid comprehension and informed decision-making from news media and social networks to legal and medical records 

[2]. Natural Language Processing (NLP) has significantly advanced the area through the development of deep learning 

(DL) models that understand context, syntax, and semantics, allowing machines to generate relevant summaries with 

minimal human intervention [3, 4]. Text summarization is a process of reducing a document or a set of documents into 

a shorter version to preserve important information [5, 6]. There are two primary types of summarization techniques [7]  

Extractive Summarization aims to identify and extract key sentences or phrases directly from the original text [8]. 

It retains the exact wording and structure of the source, depending on statistical or linguistic features such as term 

frequency, sentence position, or graph-based rankings. For example, the TextRank algorithm selects the most 

"important" sentences based on sentence connectivity [9]. 

Abstractive Summarization involves paraphrasing the original content using new sentences that convey the same 

meaning [10]. This approach is more human-like and requires a deeper understanding of the text that involves neural 
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network models [11]. The abstractive model generates "The prime minister announced new reforms today" based on a 

paragraph describing a press conference. 

The transformer models achieved significant outcomes in abstractive summarization; the integration of syntactic 

and semantic information helps generate summaries more effectively [12]. This research addresses this gap by 

proposing and comparing two models that fuse linguistic features into the summarization strategy and another that uses 

task reformulation through prompting. The novelty lies in the dual evaluation of syntax-semantic enhancement versus 

prompt-based modeling under a consistent experimental approach [13]. 

This study investigates the semantic and syntactic augmentation to improve transformer-based summarization 

quality. The work focused on comparing two transformer models, BART and T5 using linguistic enhancement and 

prompt-based reformulation on the BBC News dataset. The objective is to measure how the strategies influence 

summary quality, model behavior, and performance as measured by standard summarization parameters. The core 

contributions of this paper are summarized as follows: 

 

• To propose a syntax-semantic enriched BART model, incorporating SpaCy-based POS tagging and 

RoBERTa-based semantic embeddings to augment the summarization. 

• To implement a prompt-based T5 model for transformer-based text summarization as a text-to-text task using 

natural language prompts. 

• To present a comparative analysis of both models in terms of training dynamics, summary quality, and 

evaluation performance. 

• To analyze the role of semantic and syntactic cues to improve summary generation quality and to discuss the 

limitations of ROUGE-based evaluation for distinguishing abstraction from copying 

 

The rest of the paper is organized as follows: 

Section 2 reviews related work on extractive, abstractive, and linguistically informed summarization methods. 

Section 3 describes the proposed methodology in detail. Section 4 presents the experimental results of proposed models. 

Section 5 discusses the comparative performance and qualitative results of models. Section 6 concludes the paper and 

discusses the directions for future research. 

2. Related Works 

The field of automatic text summarization has shown significant improvement over the past two decades due to the 

advancement of DL and transformer-based models. The existing summarization techniques are categorized into 

extractive and abstractive methods. Each type has unique characteristics, capabilities, and limitations. The recent works 

explored the integration of linguistic cues to enhance the quality and consistency of generated summaries. 

2.1. Extractive Summarization Techniques 

Extractive summarization refers to selecting the subset of sentences or phrases directly from the source document 

without altering the original text. The methods are computationally efficient and maintain grammatical correctness but 

lack cohesion and contextual depth. 

In previous decades, investigators studied the extractive text summarization from various perspectives and using 

various techniques. Li et al. suggested DL data-driven models to generate extractive summaries. A paraphrase technique 

was used to determine which words had to be featured in the summary. In the model, tightly coupled layers of cells and 

a feature mapping were produced by a convolutional layer. For every expression, two results were generated for each 

category, and evaluation parameters were employed for assessing rather than ROUGE because summary creation is a 

binary classification problem. The suggested model obtained an accuracy of 90.00%. This resulted from the dataset 

being derived from human summaries [14]. Another approach, proposed by Kumar et al. [15], is one in which textual 

expressions serve as nodes, and the significance of the edge connecting sentences indicates the relationship between 

them. A customized inverted phrase frequency-cosine similarity was created to give different weights to different 

phrases in the written content, as opposed to regular cosine similarity, which analyzes words similarly. There was little 

division of the visualization into other categories. It is predicated on the idea that the phrases within a cluster are 

comparable to each other. The effectiveness of the suggested summary technique was shown by the outcomes of the 

assessment. Graph-based summary extraction was studied by Jang and Kang [16]. The method took into account how 

related the nodes located on the graph's edges are to one another. Additionally, weights were assigned according to how 

related the issue was. The similarity across nodes was also determined using semantic measures. The evaluation 

parameters of the suggested approach were, respectively, 0.154, 0.229, and 0.445. 

2.2. Abstractive Summarization Techniques 

Abstractive summarization generates new sentences that paraphrase the source content, often requiring deeper 

semantic understanding and language generation capabilities. 

Sequence-to-Sequence (Seq2Seq) Models: Introduced by Tian Shi et al. (2021), use an encoder-decoder 

architecture with RNNs and LSTMs to translate input text into summaries. The suggested model struggled with long-
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range dependencies and factual consistency [17]. 

Pointer-Generator Networks (Li Yuanyuan et al., 2023): Combine abstractive generation with extractive copying 

mechanisms to handle out-of-vocabulary words and improve factual accuracy [18]. 

In contrast to extractive summarization, abstractive text summarization techniques have been developed. The study 

in [19] is one of the investigations. The problem of producing inaccurate data about the source material in abstractive 

summarization was tackled by the researchers. A set of two actual improved techniques known as SpanFact was 

employed to address this problem. According to the CNN dataset, the ROUGE score was 19.27 for R-2, 41.75 for R-1, 

and 38.81 for R-L. An abstractive summary that is topic-guided was proposed by Mutlu et al. [20]. Their strategy 

guarantees a certain amount of reliance on the text's subject. As part of their seq2seq transformer modeling, researchers 

incorporated content modeling. 

Results from evaluating their suggested approach on the CNN dataset were 41.33 for R-L, 21.19 for R-2, and 44.38 

for R-1. A technique for abstractive text summarization using GAN was presented by Patel et al. [21]. Both a 

discriminator and a summary generator are part of their intended model. The summary is created by the generator, and 

the discriminator attempts to distinguish between a human-generated and a machine-generated summary. According to 

the results, the R-1, R-2, and R-L scores were 37.87, 15.71, and 39.20, respectively. The use of LSTM-CNN for 

abstractive text summarization was suggested by Chan and King in [22]. Terms were initially taken from their system. 

Following the phrase extraction procedure, an LSTM-CNN summary was produced. The testing measures, ROUGE-1 

and ROUGE-2, yielded results of 34.9 and 17.8, respectively. A PAN model for abstractive text summarization was 

proposed by Espino et al. [23]. A pre-trained layer of word embedding was proposed in order to solve the problem of 

the network producing words that were not part of the lexicon. The R-1, R-2, and R-L scores were 39.06, 17.05, and 

35.85, respectively. 

The transformer-based models such as BART and T5 were used for abstractive summarization. The behavior of a 

summarization depends not only on model architecture but also on the nature of the training targets and evaluation 

protocol. When reference summaries were strongly extractive directly from source-leading sentences, ROUGE-based 

gains partly show lexical copying rather than genuine periphrastic abstraction. The present work focused on a 

comparative analysis of semantic and syntactic enhancement strategies in transformer-based summarization to explicitly 

acknowledge the distinction between extractive overlap and true abstraction. 

3. Proposed Methodology 

This section describes the design and implementation of two deep learning models for abstractive text 

summarization: 

 

• Model 1: A linguistically enriched BART model used syntactic and semantic features. 

• Model 2: The T5 model is fine-tuned using a prompt-guided training strategy. The T5 model formulates all 

tasks as text-to-text generation; explicit task prompts are appended to the input sequence to guide the 

summarization. 

 

Both models were evaluated using the same dataset and preprocessing strategy for a fair and consistent comparison. 

The POS embeddings and RoBERTa contextual embeddings were concatenated with BART token embeddings and 

projected through a linear transformation before being fed into the BART encoder. 

3.1. BBC News Dataset 

It is a collection of 2,225 documents extracted from the BBC news website, representing stories published between 

2004 and 2005. These documents are categorized into five topical areas: business, entertainment, politics, sport, and 

tech [24]. The BBC News Kaggle Archive dataset does not provide predefined summaries such as headlines or bullet-

point abstracts. Therefore, reference summaries used in this study were constructed during preprocessing to create 

supervised training targets. The summaries were generated using sentence-level extraction methods that select 

informative sentences from the source document rather than relying solely on the headline or the first sentence. This 

approach ensures the summarization task remains non-trivial and requires the model to learn meaningful content. The 

source articles contain approximately 380 tokens on average, and the reference summaries contain approximately 40 

tokens, indicating an average compression ratio of approximately 10:1. This shows that the model significantly 

condenses the source document to retain the essential information and make the task more challenging than simple 

headline generation. 

3.2. Data Preprocessing 

In this study, the target summaries are constructed using extractive-style references derived from the source articles 

through sentence-level selection. The BART and T5 are generative encoder-decoder models. The learning objective is 

supervised using summaries with high lexical overlap to the input text. This experimental design enables controlled 

comparative evaluation of the models but does not, by itself, establish fully abstractive paraphrase generation. The 

datasets contain multiple articles covering the same event; duplicate documents were examined during preprocessing. 
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Articles with highly similar text were removed using text similarity filtering to reduce overlap between training and test 

sets. This step helps prevent the model from memorizing the specific articles and shows the model’s generalization 

capability. In this step, the dataset is standardized and prepared for training the proposed models. All text is converted 

to lowercase and cleaned using normalized whitespace. The input documents were truncated to a maximum length of 

512 tokens because summaries are limited to 128 tokens to maintain consistency. Finally, tokenization is performed 

using model-specific tokenizers for Model 1𝐵𝐴𝑅𝑇𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟 and T5Tokenizer for Model 2 ensuring compatibility 

with each model. Let the raw input document be denoted as: 

 

𝐷 = [𝑤1, 𝑤2, … , 𝑤𝑛]                                                                           (1) 

 

where 𝑤𝑖  represents the 𝑖𝑡ℎ word in the original text and 𝑛 is the total number of words. 

 

 

Fig. 1. Architecture of the proposed models for semantic and syntactical based text summarization 

Step 1: Lowercase and Normalization: Apply a normalization function 𝑓𝑛𝑜𝑟𝑚 , which performs lowercasing and 

removes redundant whitespaces: 

 

𝐷′ = 𝑓𝑛𝑜𝑟𝑚(𝐷) = [𝑙𝑜𝑤𝑒𝑟(𝑤1), 𝑙𝑜𝑤𝑒𝑟(𝑤2), … , 𝑙𝑜𝑤𝑒𝑟(𝑤𝑛)]                                    (2) 

 

Step 2: Tokenization: Use a model-specific tokenizer 𝑇𝑚 ∈ {𝐵𝐴𝑅𝑇𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟, 𝑇5𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟}  to convert the 

normalized sequence into tokens: 

 

𝑋 = 𝑇𝑚(𝐷′) = [𝑥1, 𝑥2, … , 𝑥𝑇], 𝑤ℎ𝑒𝑟𝑒 𝑇 ≤ 512                                                (3) 

 

Step 3: Summary Tokenization: Similarly, for the corresponding reference summary S, we have: 

 

𝑌 = 𝑇𝑚(𝑆) = [𝑦1, 𝑦2, … , 𝑦𝐿], 𝑤ℎ𝑒𝑟𝑒 𝐿 ≤ 128                                                 (4) 

 

The raw document D is first normalized using a function 𝑓norm that applies lowercasing and whitespace cleaning. 

The cleaned document 𝐷′ is then tokenized using a model-specific tokenizer 𝑇𝑚, which converts it into a fixed-length 

token sequence 𝑋, truncated to a maximum of 512 tokens. The target summary 𝑆 is also tokenized into Y, truncated to 

128 tokens, to serve as the decoder target during training. 
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3.3. Building the Model 

Bidirectional and Auto-Regressive Transformers: This section presents the linguistically enriched approach to 

abstractive summarization that combined the syntactic structure and semantic understanding into a generative model. 

The proposed model consists of three core components: syntactic feature extraction using SpaCy, semantic feature 

extraction using RoBERTa, and the summarization process using BART. These components were combined within a 

custom PyTorch-based strategy to augment the input representation for effective training and evaluation. 

 

Integration of Semantic and Syntactic Features into BART: The proposed model incorporated the semantic 

embeddings derived from RoBERTa and syntactic information obtained through SpaCy Part-of-Speech tagging into the 

BART encoder to improve the contextual representation of input text. This integration enhances the token 

representations before they are processed by the transformer encoder. For each input token 𝑡𝑖  three types of 

representations were extracted: 

 

BART token embedding: 𝐸𝑏𝑎𝑟𝑡(𝑡𝑖), obtained from the pretrained BART tokenizer and embedding layer. 

 

RoBERTa contextual embedding𝐸𝑟𝑜𝑏𝑒𝑟𝑡𝑎(𝑡𝑖), extracted from the last hidden layer of the pretrained RoBERTa 

encoder. 

 

POS tag embedding 𝐸𝑝𝑜𝑠(𝑡𝑖) , generated by mapping each POS tag to a learnable embedding vector. The 

representations were combined through feature concatenation and produced a unified token representation: 

 

𝐸𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑(𝑡𝑖) = [𝐸𝑏𝑎𝑟𝑡(𝑡𝑖) ∣∣ 𝐸𝑟𝑜𝑏𝑒𝑟𝑡𝑎(𝑡𝑖) ∣∣ 𝐸𝑝𝑜𝑠(𝑡𝑖)]                                             (5) 

 

where ∣∣ is the vector concatenation. To maintain compatibility with the BART encoder dimension, the concatenated 

representation is projected using a linear transformation: 

 

𝐸𝑓𝑖𝑛𝑎𝑙(𝑡𝑖) = 𝑊𝑝 ⋅ 𝐸𝑐𝑜𝑚𝑏𝑖𝑛𝑒𝑑(𝑡𝑖) + 𝑏𝑝                                                           (6) 

 

where  and  are the learnable parameters𝑊𝑝𝑏𝑝. The resulting vector 𝐸𝑓𝑖𝑛𝑎𝑙(𝑡𝑖) is then passed as input to the BART 

encoder layers. This strategy allows the model to combine the additional semantic and syntactic cues to preserve the 

standard transformer model. 

 

Syntactic Feature Extraction using SpaCy: In this study, SpaCy Part-of-Speech tagging is used as a lightweight 

syntactic filter to highlight tokens that capture the essential semantic information, such as nouns, verbs, and proper 

nouns. This step does not modify the internal architecture of the transformer model that helps to identify salient tokens 

before training. The POS tagging serves as an auxiliary linguistic cue that complements the model’s implicit syntactic 

learning rather than replacing it. Let a document be represented as a sequence of tokens: 

 

𝑋 = [𝑥1, 𝑥2, . . . , 𝑥𝑇]                                                                             (7) 

 

where 𝑥𝑖 is the 𝑖𝑡ℎ token and 𝑇 is the total number of tokens. The syntactic feature extractor maps this sequence to a 

POS tag sequence: 

 

𝑃 = 𝑃𝑂𝑆(𝑋) = [𝑝1 , 𝑝2 , . . . , 𝑝𝑇]                                                                   (8) 

 

where 𝑝𝑖 ∈ 𝑃 and P is the POS tag set ({NOUN, VERB, ADJ, ...}). 

The POS tagging component is used solely during preprocessing to guide token selection and does not alter the 

structure of the transformer encoder. BART’s attention mechanisms capture syntactic dependencies, while explicit POS 

information helps to emphasize structurally important words that correspond to entities, actions, and events in news 

articles. Each POS tag produced by SpaCy is mapped to a trainable embedding vector. The embeddings indicate the 

lightweight syntactic signals that show the grammatical roles such as nouns, verbs, adjectives, and proper nouns. This 

strategy aims to enhance feature representation rather than introduce manual feature engineering into the neural model. 

 

Semantic Embeddings using RoBERTa: To enhance contextual understanding beyond surface-level syntax, we extract 

semantic representations using the RoBERTa-base transformer model. Each input document is passed through 

RoBERTa to generate contextual token-level embeddings. Given the input token sequence X, RoBERTa computes a 

contextual representation: 

 

𝐻 = 𝑅𝑜𝐵𝐸𝑅𝑇𝑎(𝑋) = [ℎ1 , ℎ2 , . . . , ℎ𝑇 ]                                                         (9) 
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where ℎ𝑖 ∈ 𝑅𝑑 and 𝑑 = 768 for roberta-base. This representation captures rich semantic dependencies and relationships 

between tokens in the context of the entire document. For practical efficiency, the embeddings are computed and stored 

in advance using: 

 

𝐻𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 = 𝑓𝑠𝑒𝑚(𝑋)                                                                      (10) 

 

where 𝑓𝑠𝑒𝑚  denotes the frozen RoBERTa encoder. The RoBERTa encoder is used as an external semantic 

representation module to generate contextual embeddings for each token. The embeddings capture rich semantic 

relationships learned during large-scale pretraining. In the proposed model, RoBERTa embeddings were extracted for 

summarization and combined with BART token embeddings to enhance contextual understanding of the source 

document. 

 

Text Generation using BART: The BART (Bidirectional and Auto-Regressive Transformers) model is used as the 

summarizer in the proposed model. BART is a transformer-based sequence-to-sequence model that combines a 

bidirectional encoder (like BERT) and a left-to-right autoregressive decoder. Let𝑋 be the input document and 𝑌 =
[𝑦1 , 𝑦2, . . , 𝑦𝐿] be the corresponding target summary. The BART encoder computes: 

 

𝑍 = 𝐸𝑛𝑐𝑜𝑑𝑒𝑟𝐵𝐴𝑅𝑇 (𝑋)                                                                   (11) 

 

The decoder generates each output token autoregressively: 

 

𝑃(𝑦𝑡 ∣ 𝑦 < 𝑡, 𝑍) = 𝐷𝑒𝑐𝑜𝑑𝑒𝑟𝐵𝐴𝑅𝑇(𝑦 < 𝑡, 𝑍)                                                    (12) 

 

The objective is to maximize the conditional likelihood of the reference summary given the document: 

 

𝐿𝐵𝐴𝑅𝑇  =  − ∑  𝑙𝑜𝑔𝑃( 𝑦𝑡 ∣∣ 𝑦<𝑡 , 𝑍 )𝐿
𝑡=1                                                           (13) 

 

The model is fine-tuned on the BBC News dataset using this loss function and optimized via the Adam optimizer. 

 

Custom Dataset Implementation: A custom PyTorch dataset class was designed to efficiently manage both textual and 

semantic representations during training. Each instance in the dataset includes: 

 

Tokenized Input: The original document tokenized using BartTokenizer. 

 

Target Summary: The corresponding summary (first two sentences) also tokenized using BartTokenizer. 

 

Semantic Embedding: Precomputed RoBERTa embeddings stored as tensors of 𝑠ℎ𝑎𝑝𝑒 (𝑇, 𝑑) where 𝑇 ≤ 512 and 𝑑 =
768. Formally, for the 𝑖𝑡ℎ training sample, the dataset returns: 

 

𝐷(𝑖) = {𝑖𝑛𝑝𝑢𝑡𝑖𝑑𝑠(𝑖), 𝑎𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛𝑚𝑎𝑠𝑘(𝑖), 𝑡𝑎𝑟𝑔𝑒𝑡𝑖𝑑𝑠(𝑖), 𝐻𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐(𝑖)}                                       (14) 

 

Model 2: Prompt-based T5: In this model, we leverage the T5 (Text-to-Text Transfer Transformer) architecture for 

abstractive summarization using a prefix-based instruction format. The T5 model allows summarization to be performed 

by prepending a natural-language prompt to the input text and generating the corresponding summary. 

 

Prefix-based Input Encoding: The key innovation in T5's formulation lies in its prompt-based input construction. A 

special prefix keyword instructs the model to perform a specific task. For summarization, the format is: 

 

Input 𝑇5 = summarize: + 𝑋                                                                   (15) 

 

Let 𝑋 = [𝑥1, 𝑥2, . . . , 𝑥𝑇] represent the input document. Then the T5 input is: 

 

𝑋′ = [summarize:, 𝑥1, 𝑥2, . . . , 𝑥𝑇]                                                              (16) 

 

This sequence is tokenized using the T5Tokenizer, which maps tokens to subword indices and generates the 

corresponding attention masks. The maximum input length is fixed to 512 tokens, and the summary is limited to 128 

tokens. The target summary 𝑌 = [𝑦1 , 𝑦2, . . , 𝑦𝐿] is tokenized similarly to serve as the decoder output. 

 

Sequence-to-Sequence Summarization with T5: The T5 model follows the standard encoder-decoder transformer 

model. The model is pre-trained using a denoising objective on a large corpus and then fine-tuned for downstream tasks 

like summarization. 
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Encoder Step: Given the tokenized input 𝑋′ the encoder computes: 

 

𝑍 = 𝐸𝑛𝑐𝑜𝑑𝑒𝑟𝑇5(𝑋′)                                                                      (17) 

 

 

 

where 𝑍 ∈ 𝑅𝑇 × 𝑑  and 𝑑 is the hidden dimension of the T5 model (768 for t5-base). 

 

Decoder Step: The decoder generates the summary autoregressively, predicting each token conditioned on the previous 

tokens and the encoder output: 

 

𝑃( 𝑦𝑡 ∣∣ 𝑦 < 𝑡, 𝑍 ) = 𝐷𝑒𝑐𝑜𝑑𝑒𝑟𝑇5(𝑦 < 𝑡, 𝑍)                                                     (18) 

 

The objective is to maximize the conditional likelihood of the output summary: 

 

𝐿𝑇5 = −𝑡 = 1∑𝐿𝑙𝑜𝑔𝑃( 𝑦𝑡 ∣∣ 𝑦 < 𝑡, 𝑍 )                                                        (19) 

 

This is implemented using cross-entropy loss over the vocabulary. 

 

Training and Inference Workflow: The training procedure optimizes the conditional likelihood of the summary 

tokens using the Adam optimizer. During inference, the model uses beam search decoding (greedy decoding) to 

generate fluent and concise summaries. 

 

𝐿𝑡𝑟𝑎𝑖𝑛 = −
1

𝑁
∑ ∑ log 𝑃(𝑦𝑡

(𝑖)
|𝑦<𝑡

(𝑖)
, 𝑋′(𝑖))

𝐿𝑖
𝑡=1

𝑁
𝑖=1                                                    (20) 

 

where 𝑁 is the number of training examples, 𝐿𝑖 is the length of the 𝑖𝑡ℎ summary 

 

Algorithm 1: BART + Syntax + Semantics-based Summarization 

 

Input: BBC News dataset with full articles 

Output: Abstractive summaries using BART 

1: Load SpaCy POS tagger and RoBERTa semantic encoder 

2: Load BART tokenizer and BART summarization model 

3: Initialize empty list: texts, summaries 

4: for each file in dataset: 

5:     Read full article as text 

6:     Generate extractive summary (first 2 sentences) 

7:     Append text and summary to respective lists 

8: end for 

9: Define function 𝐸𝑥𝑡𝑟𝑎𝑐𝑡_𝑆𝑦𝑛𝑡𝑎𝑐𝑡𝑖𝑐𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑠(𝑡𝑒𝑥𝑡): 
10:     𝑑𝑜𝑐 ←  𝑆𝑝𝑎𝐶𝑦(𝑡𝑒𝑥𝑡) 

11:     𝑝𝑜𝑠𝑡𝑎𝑔𝑠  ←  [𝑡𝑜𝑘𝑒𝑛. 𝑝𝑜𝑠_ 𝑓𝑜𝑟 𝑡𝑜𝑘𝑒𝑛 𝑖𝑛 𝑑𝑜𝑐] 

12:     return 𝑝𝑜𝑠𝑡𝑎𝑔𝑠 

13: end function 

14: Define function 𝐸𝑥𝑡𝑟𝑎𝑐𝑡_𝑆𝑒𝑚𝑎𝑛𝑡𝑖𝑐𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑡𝑒𝑥𝑡): 

15:     𝑡𝑜𝑘𝑒𝑛𝑠 ←  𝑅𝑜𝐵𝐸𝑅𝑇𝑎𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟(𝑡𝑒𝑥𝑡) 

16:     𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 ←  𝑅𝑜𝐵𝐸𝑅𝑇𝑎𝑀𝑜𝑑𝑒𝑙(𝑡𝑜𝑘𝑒𝑛𝑠) 

17:     return𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔. 𝑙𝑎𝑠𝑡_ℎ𝑖𝑑𝑑𝑒𝑛𝑠𝑡𝑎𝑡𝑒 

18: end function 

19: Define Custom Dataset: 

20:     for each (text, summary) pair: 

21:         𝑖𝑛𝑝𝑢𝑡𝑖𝑑𝑠  ←  𝐵𝐴𝑅𝑇𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟(𝑡𝑒𝑥𝑡) 

22:         𝑡𝑎𝑟𝑔𝑒𝑡𝑖𝑑𝑠  ←  𝐵𝐴𝑅𝑇𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟(𝑠𝑢𝑚𝑚𝑎𝑟𝑦) 

23:         𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔  ←  𝐸𝑥𝑡𝑟𝑎𝑐𝑡_𝑆𝑒𝑚𝑎𝑛𝑡𝑖𝑐𝐸𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔(𝑡𝑒𝑥𝑡) 

24:         yield 𝑖𝑛𝑝𝑢𝑡𝑖𝑑𝑠, 𝑡𝑎𝑟𝑔𝑒𝑡𝑖𝑑𝑠, 𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 

25:     end for 

26: end Dataset 

27: Split dataset into training and validation sets 

28: for𝑒𝑝𝑜𝑐ℎ =  1 𝑡𝑜 𝑁do: 

29:     for each batch in 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝑙𝑜𝑎𝑑𝑒𝑟   do: 
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30:         Compute loss using 𝐵𝐴𝑅𝑇(𝑖𝑛𝑝𝑢𝑡𝑖𝑑𝑠 , 𝑡𝑎𝑟𝑔𝑒𝑡𝑖𝑑𝑠) 

31:         Backpropagate and update model weights 

32:     end for 

33:     Compute validation loss 

34: end for 

35: Evaluate model using ROUGE scores 

36: Return generated summaries 

 

Algorithm 2: Prompt-based T5 Summarization 

 

Input: BBC News dataset with full articles 

Output: Abstractive summaries using T5 model 

1: Load T5 tokenizer and T5 summarization model 

2: Initialize empty list: texts, summaries 

3: for each file in dataset: 

4:     Read full article as text 

5:     Generate extractive summary (first 2 sentences) 

6:     Append text and summary to respective lists 

7: end for 

8: Define CustomT5Dataset: 

9:     for each (text, summary) pair: 

10:         𝑖𝑛𝑝𝑢𝑡𝑡𝑒𝑥𝑡  ←  "𝑠𝑢𝑚𝑚𝑎𝑟𝑖𝑧𝑒: " +  𝑡𝑒𝑥𝑡 

11:         𝑖𝑛𝑝𝑢𝑡𝑖𝑑𝑠  ←  𝑇5𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟(𝑖𝑛𝑝𝑢𝑡𝑡𝑒𝑥𝑡) 

12:         𝑡𝑎𝑟𝑔𝑒𝑡𝑖𝑑𝑠  ←  𝑇5𝑇𝑜𝑘𝑒𝑛𝑖𝑧𝑒𝑟(𝑠𝑢𝑚𝑚𝑎𝑟𝑦) 

13:         𝑦𝑖𝑒𝑙𝑑 𝑖𝑛𝑝𝑢𝑡𝑖𝑑𝑠, 𝑡𝑎𝑟𝑔𝑒𝑡𝑖𝑑𝑠 

14:     end for 

15: end Dataset 

16: Split dataset into training and validation sets 

17: for𝑒𝑝𝑜𝑐ℎ =  1 𝑡𝑜 𝑁 do: 

18:     for each batch in 𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔𝑙𝑜𝑎𝑑𝑒𝑟  do: 

19:         Compute loss using 𝑇5(𝑖𝑛𝑝𝑢𝑡𝑖𝑑𝑠 , 𝑡𝑎𝑟𝑔𝑒𝑡𝑖𝑑𝑠) 

20:         Backpropagate and update model weights 

21:     end for 

22:     Compute validation loss 

23: end for 

24: Evaluate model using ROUGE scores 

25: Return generated summaries 

 

Algorithm 1 shows the training strategy for the BART-based summarization model enhanced with syntactic and 

semantic features. It begins by loading SpaCy for POS tagging and RoBERTa for semantic embeddings, followed by 

dataset preparation where each article is tokenized and paired with its extractive summary. The semantic embeddings 

are computed and stored alongside tokenized inputs. These are fed into a custom PyTorch dataset class, and the BART 

model is trained using cross-entropy loss. Algorithm 2 also shows the training process for the T5-based prompt model. 

Each article is reformatted with a natural-language instruction prefix (“summarize:”) and then tokenized using the T5 

tokenizer. A custom dataset was constructed with input-summary pairs, and the T5 model is trained similarly using 

cross-entropy loss. Both algorithms conclude with model evaluation using ROUGE scores to enable the comparative 

performance analysis. 

4. Results and Discussion 

This section presents and analyzes the performance of the proposed summarization models such as BART with 

syntax-semantic enrichment and the prompt-guided fine-tuned T5 model using both quantitative metrics and qualitative 

examples. To ensure reliable evaluation and avoid potential data leakage, the dataset was divided into training and test 

sets using an 80:20 split. The training set was used to fine-tune the summarization models, the validation set was used 

for hyperparameter tuning and early stopping, and the test set was reserved exclusively for final evaluation. The T5 

model was fine-tuned using supervised learning on the BBC News dataset. During training, prompt templates were 

appended to the input text to guide the model toward the summarization task. The zero-shot or few-shot prompting 

strategy depends on fixed pretrained weights. The proposed model parameters in this study were updated through 

gradient-based optimization. The evaluation was conducted on the BBC News dataset using R-1, R-2, and R-L as 

standard benchmarks for summarization quality. 
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𝑅𝑂𝑈𝐺𝐸 − 𝑁 =  
∑ 𝐶𝑜𝑢𝑛𝑡𝑚𝑎𝑡𝑐ℎ(𝑛−𝑔𝑟𝑎𝑚)𝑛−𝑔𝑟𝑎𝑚∈𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒

∑ 𝐶𝑜𝑢𝑛𝑡 (𝑛−𝑔𝑟𝑎𝑚)𝑛−𝑔𝑟𝑎𝑚∈𝑅𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒
                                                (21) 

 

𝑅𝑂𝑈𝐺𝐸 − 𝐿 =  
(1+𝛽2)⋅𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⋅𝑅𝑒𝑐𝑎𝑙𝑙

𝛽2 ⋅𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⋅𝑅𝑒𝑐𝑎𝑙𝑙
                                                             (22) 

 

Table 1. Hyperparameters and training settings 

Hyperparameter BART Model T5 Model 

Max Input Length 512 tokens 512 tokens 

Max Summary Length 128 tokens 128 tokens 

Optimizer Adam Adam 

Learning Rate 2e-4 3e-4 

Batch Size 32 32 

Epochs 100 50 

Loss Function CrossEntropyLoss CrossEntropyLoss 

Tokenizer BARTTokenizer T5Tokenizer 

Language Model facebook/bart-base t5-base 

 

Table 1 shows the key hyperparameters and training configurations used for the BART and T5 models. Both 

models were trained using a maximum input length of 512 tokens and a summary length of 128 tokens. The Adam 

optimizer was employed in both cases, with learning rates set to 2 × 10−4 for BART and 3 × 10−4 for T5. Training was 

conducted over 50-to-100 epochs with a batch size of 32, using CrossEntropyLoss as the objective function. Each 

model utilized its respective tokenizer (BARTTokenizer for facebook/bart-base and T5Tokenizer for t5-base) to prepare 

inputs for fine-tuning. These consistent settings ensured a fair comparison between the two models. 

Table 2. Performance analysis of proposed model on semantic text summarization 

Model ROUGE-1 ROUGE-2 ROUGE-L 

Transformer + BiLSTM decoder 22.79 22.39 22.78 

DistilBERT + BiLSTM Decoder 22.02 20.20 21.60 

Bidirectional and Auto-Regressive 
Transformers 

42.17 27.16 42.03 

BERTSUM 43.25 20.24 39.63 

PEGASUS 44.17 21.47 41.11 

GPT-3.5 43.90 21.10 40.72 

Vanilla BART-Large 42.34 26.71 41.89 

Text-To-Text Transfer Transformer 47.01 32.01 46.01 

 

Table 2 shows the performance comparison of different semantic text summarization models using ROUGE 

evaluation metrics. Traditional models such as Transformer + BiLSTM and DistilBERT + BiLSTM show relatively 

lower performance, which indicates the limited capability to capture the complex contextual semantics. The 

transformer-based models like BERTSUM, PEGASUS, GPT-3.5, and Vanilla BART-Large show significant 

improvement due to their stronger contextual representation learning. The proposed T5 model obtained the highest 

scores with ROUGE-1 (47.01), ROUGE-2 (32.01), and ROUGE-L (46.01), which indicates its superior ability to 

generate semantically coherent abstractive summaries. 

Table 3. Performance analysis of proposed model on syntactical text summarization 

Model ROUGE-1 ROUGE-2 ROUGE-L 

Transformer + BiLSTM decoder 22.81 22.42 22.81 

DistilBERT + BiLSTM Decoder 21.07 20.71 21.07 

Bidirectional and Auto-Regressive 

Transformers 
44.28 28.70 44.72 

BERTSUM 37.91 16.82 34.45 

PEGASUS 39.53 17.28 36.38 

GPT-3.5 41.10 19.42 38.92 

Vanilla BART-Large 42.34 26.71 41.89 

Prompt-Guided T5 (Proposed) 45.61 30.12 45.12 
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Table 3 shows the performance comparison of different models for syntactical text summarization using ROUGE 

evaluation parameters. The traditional models such as Transformer + BiLSTM and DistilBERT + BiLSTM obtained 

relatively lower scores that indicate the limited capability to capture syntactic relationships in the text. The transformer-

based models such as BART, PEGASUS, and GPT-3.5 show improved performance due to their ability to model 

contextual dependencies. The proposed Prompt-Guided T5 model obtained the best performance with ROUGE-1 

(45.61), ROUGE-2 (30.12), and ROUGE-L (45.12), which indicates the effectiveness in generating syntactically 

coherent and informative summaries. 

 

 

 

Fig. 2. Training and Validation Loss of (A) Transformer + BiLSTM decoder(B) DistilBERT + BiLSTM Decoder (C) Bidirectional and Auto-

Regressive Transformers (D) Text-To-Text Transfer Transformer on Semantic Text Summarization 

 

 

Fig. 3. Training and Validation Loss of (A) Transformer + BiLSTM decoder (B) DistilBERT + BiLSTM Decoder (C) Bidirectional and Auto-

Regressive Transformers (D) Text-To-Text Transfer Transformer on Syntactical Text Summarization 
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Figure 2 and Figure 3 show the training and validation loss curves for different models on semantic and syntactical 

summarization tasks, respectively. Each figure includes four subplots corresponding to the evaluated models: 

Transformer + BiLSTM decoder, DistilBERT + BiLSTM decoder, Bidirectional and Auto-Regressive Transformer 

(BART), and Text-to-Text Transfer Transformer (T5). In both figures, the loss curves for the baseline models 

(Transformer + BiLSTM and DistilBERT + BiLSTM) show slower convergence and higher final loss values, indicating 

less effective learning. The BART and T5 models exhibit faster convergence and consistently lower training and 

validation losses, demonstrating better optimization and generalization. The T5 model, in particular, shows the most 

stable and lowest loss values throughout training in both summarization settings, supporting its strong performance in 

the ROUGE evaluation. 

Table 4. Automatic evaluation using multiple summarization metrics for semantic text summarization 

Model BLEU METEOR BERTScore (F1) 

Transformer + BiLSTM Decoder 18.74 20.91 0.81 

DistilBERT + BiLSTM Decoder 19.12 21.36 0.82 

Bidirectional and Auto-Regressive Transformers (BART) 27.85 29.42 0.90 

BERTSUM (Liu & Lapata) 26.73 28.15 0.89 

PEGASUS 28.94 30.18 0.91 

GPT-3.5 (reported baseline) 29.36 30.74 0.92 

Vanilla BART-Large 28.47 29.61 0.90 

Text-To-Text Transfer Transformer (T5) 31.08 32.45 0.93 

Table 5. Automatic evaluation using multiple summarization metrics for syntactical text summarization 

Model BLEU METEOR BERTScore (F1) 

Transformer + BiLSTM Decoder 19.02 21.15 0.82 

DistilBERT + BiLSTM Decoder 19.84 21.93 0.83 

Bidirectional and Auto-Regressive Transformers (BART) 29.63 31.28 0.91 

BERTSUM 25.87 27.41 0.88 

PEGASUS 26.94 28.73 0.89 

GPT-3.5 27.76 29.64 0.90 

Vanilla BART-Large 28.47 29.61 0.90 

Text-To-Text Transfer Transformer (T5) 30.92 32.11 0.92 

 

Tables 4 and 5 show the automatic evaluation results using BLEU, METEOR, and BERTScore parameters for 

semantic and syntactical text summarization models. ROUGE measures the lexical overlap and evaluates semantic 

similarity and contextual alignment between generated summaries and reference texts. The final results show that 

Transformer-based models performed well as compared to baseline models. The proposed T5-based models obtained 

the highest BLEU scores of 30.92 and METEOR of 32.11, which indicates the stronger semantic correspondence with 

reference summaries and improved contextual representation. 

Table 6. Comparative analysis of proposed models with existing models 

Model ROUGE-1 ROUGE-2 ROUGE-L 

M. Mojrian et al. (2021) [19] 41.74 19.27 38.81 

B. Mutlu et al. (2019) [20] 44.38 21.19 41.33 

D. Patel et al. (2019) [21] 37.87 15.71 39.20 

J. Q.- Espino et al. (2021) [23] 39.06 17.05 35.85 

Jide Kehinde Adeniyi et al. (2024) [25] 60.00 30.00 60.00 

Bidirectional and Auto-Regressive Transformers 44.28 28.70 44.72 

Text-To-Text Transfer Transformer 45.61 30.12 45.12 

 

Table 6 shows the comparative evaluation of the proposed summarization models such as Bidirectional and Auto-

Regressive Transformers (BART) and Text-to-Text Transfer Transformer (T5) against several existing approaches 

using ROUGE-1, ROUGE-2, and ROUGE-L metrics. The baseline methods from prior studies, including M. Mojrian et 

al. (2021), B. Mutlu et al. (2019), D. Patel et al. (2019), and J. Q. Espino et al. (2021), achieve R-1 scores ranging from 

37.87% to 44.38%, indicating moderate summarization effectiveness. The recent model by Jide Kehinde Adeniyi et al. 

(2024) shows improved performance with an R-1 of 60.00%. In contrast, the proposed BART-based model achieves 

significantly higher R-1 scores of 44.28, R-2 of 28.70, and R-L of 44.72, which indicates strong capability in capturing 
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both lexical and structural summary quality. The T5 model further pushes performance to R-1 scores of 45.61, R-2 of 

30.12, and R-L of 45.12. The results clearly show the superior performance of the proposed transformer-based models, 

especially the T5 model, compared to traditional and earlier DL methods. 

Table 7. Model efficiency comparison 

Model Training Time (10 Epochs) Parameters Avg. Inference Time (sec/doc) 

BART (Proposed) 3.8 hours 139M 0.45 

T5 (Proposed) 4.2 hours 220M 0.52 

 

Table 7 presents a comparison of the computational efficiency of the proposed BART and T5 models in terms of 

training time, model size, and average inference time per document. The BART model, with approximately 139 million 

parameters, required around 3.8 hours to train for 10 epochs and achieved an average inference time of 0.45 seconds per 

document. In contrast, the T5 model, being larger with 220 million parameters, took slightly longer, approximately 4.2 

hours, to train and averaged 0.52 seconds per document during inference. These results indicate that while the T5 model 

provides marginally better performance, the BART model offers a more lightweight and computationally efficient 

alternative, making it suitable for resource-constrained environments. 

4.1. Predicted Results of Semantic Text Summarization 

Figures 4–7 present representative qualitative examples of summaries generated from BBC News articles using the 

evaluated semantic and syntactical summarization models. Each example compares the source content with the 

corresponding model-generated output to examine preservation of the central topic, salient entities, factual information, 

and linguistic structure. These examples complement the quantitative evaluation by illustrating the actual behavior of 

the models during summary generation. Since the reference summaries were constructed using sentence-level extraction, 

there is high lexical similarity between the source and generated outputs; therefore, these examples are interpreted 

primarily in terms of information preservation and generation quality rather than as evidence of complete paraphrastic 

abstraction. 

Bidirectional + Auto-Regressive + Semantic Approach 

 

Fig. 4. Qualitative example of generated summary using the BART-based semantic summarization approach 

Figure 4 shows an example of source text and its corresponding generated summary using the BART-based 

semantic approach. The generated output retains the central topic, “Technology gets the creative bug,” while preserving 

the important contextual information concerning the interaction between technology and the arts. The example 

demonstrates strong content preservation, although substantial lexical overlap with the source also reflects the extractive 

characteristics of the reference construction. 

DistilBERT + BiLSTM Decoder 

 

Fig. 5. Qualitative examples of semantic text summaries generated by the DistilBERT–BiLSTM decoder model 
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Figure 5 presents multiple BBC News examples comparing the original articles with summaries generated by the 

DistilBERT–BiLSTM model. The outputs generally preserve the principal topic and important entities from the source 

documents; however, they remain lexically close to the original content, indicating comparatively limited paraphrasing 

and abstraction. 

Predicted Results of Syntactical Text Summarization 

Transformer + BiLSTM decoder model 

 

Fig. 6. Representative original and generated outputs for SyntacticalText summarization on BBC news articles 

Figure 6 provides representative qualitative examples across different BBC News topics and demonstrates that the 

model consistently identifies the principal event, entities, and contextual information. The close correspondence 

between original and generated texts indicates effective information retention, while also showing that the generated 

summaries retain substantial source-level lexical content. 

Bidirectional and Auto-Regressive Transformers 

 

Fig. 7. Qualitative examples of generated summaries using the BART-based syntactical summarization approach 

Figure 7 demonstrates that the BART-based syntactical model generates concise outputs while preserving the 

principal event and important factual entities from the original articles. For example, the generated summaries retain the 

central information concerning the Millennium Dome sale and the increase in India’s currency rating, indicating 

effective preservation of structurally important content. 

 

 



A Comparative Study of Semantic and Syntactic Approaches for Abstractive Text Summarization  

using BART and T5 Transformers 

Volume 18(2026), Issue 5–Page 244 

4.2. Ablation Study 

The ablation study was conducted to measure the performance and contribution of each component in the proposed 

model. The objective of this experiment was to analyze the impact of syntactic augmentation using POS tagging and 

semantic enrichment using RoBERTa embeddings on the performance of the BART-based summarization model. The 

BART model contains a powerful bidirectional encoder trained through denoising objectives to investigate the linguistic 

signals to enhance summarization quality. 

Table 8. Ablation study evaluating the impact of syntactic and semantic augmentation on BART summarization performance 

Model Configuration ROUGE-1 ROUGE-2 ROUGE-L Relative Improvement(R-1) 

BART 42.96 27.18 42.31 – 

BART + POS 43.62 27.95 43.08 +1.54% 

BART + RoBERTa 44.05 28.26 43.71 +2.54% 

Full Model (BART + POS + RoBERTa) 44.28 28.70 44.72 +3.07% 

 

Table 8 shows the ablation study results, which indicate that the baseline BART model obtained competitive 

ROUGE scores due to its strong encoder–decoder architecture. When POS-based syntactic features are combined, the 

model shows moderate improvements: highlighting structurally important tokens such as nouns and verbs helps the 

model to capture the key informational elements within the source text. The integration of RoBERTa embeddings yields 

a slightly larger improvement compared to POS augmentation. This indicates that contextual semantic embeddings 

derived from RoBERTa show the high token-level representations that assist the model to capture the semantic 

relationships within the document. This suggests that POS-based preprocessing is a useful auxiliary signal in a 

transformer-based summarization model. The full model combines both syntactic and semantic features and obtained 

the highest performance across all ROUGE parameters. This suggests that syntactic cues and contextual semantic 

embeddings provide complementary information that improves the model’s ability to generate coherent and informative 

summaries. 

4.3. Human Evaluation Protocol 

To complement ROUGE-based automatic evaluation, a human evaluation protocol was designed to assess the 

linguistic quality of generated summaries. Since ROUGE primarily measures lexical overlap with reference summaries, 

it cannot directly capture qualitative attributes such as grammatical correctness, fluency, or discourse coherence. 

Therefore, manual assessment was included as an additional evaluation strategy. A subset of generated summaries from 

the test set was randomly selected and evaluated by human raters with prior familiarity with English language 

processing and text analysis. Each summary was assessed on a 5-point Likert scale across the following four 

dimensions: 

 

Fluency:  the degree to which the summary is linguistically natural and easy to read. 

 

Coherence: the logical flow and connectivity of ideas across the summary. 

 

Grammatical Correctness: the extent to which the summary is free from grammatical and syntactic errors. 

 

Informativeness:  the degree to which the summary preserves the important content of the source document. 

 

The rating scale was defined as follows:1 = Very Poor, 2 = Poor, 3 = Fair, 4 = Good, 5 = Excellent. 

For each model, the mean score and standard deviation were computed across all rated summaries and evaluators. 

These results were used to complement ROUGE-based findings and provide a more comprehensive assessment of 

summary quality. 

Table 9. Human evaluation of generated summaries for semantic text summarization 

Model Fluency Coherence 
Grammatical 

Correctness 
Informativeness 

Transformer + BiLSTM 

Decoder 
2.86 ± 0.42 2.78 ± 0.47 2.91 ± 0.40 2.74 ± 0.45 

DistilBERT + BiLSTM 

Decoder 
2.94 ± 0.39 2.88 ± 0.44 3.01 ± 0.36 2.83 ± 0.41 

Bidirectional and Auto-

Regressive Transformers 
4.08 ± 0.30 4.02 ± 0.34 4.11 ± 0.29 3.98 ± 0.32 

BERTSUM 4.12 ± 0.28 3.94 ± 0.31 4.03 ± 0.30 4.01 ± 0.29 

PEGASUS 4.18 ± 0.27 4.05 ± 0.29 4.09 ± 0.28 4.07 ± 0.31 

GPT-3.5 4.22 ± 0.25 4.12 ± 0.28 4.18 ± 0.27 4.11 ± 0.30 
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Vanilla BART-Large 4.15 ± 0.26 4.08 ± 0.29 4.21 ± 0.25 4.06 ± 0.27 

Text-to-Text Transfer 

Transformer (T5) 
4.36 ± 0.23 4.29 ± 0.26 4.24 ± 0.24 4.33 ± 0.28 

Table 10. Human evaluation of generated summaries for syntactical text summarization 

Model Fluency Coherence 
Grammatical 

Correctness 
Informativeness 

Transformer + BiLSTM 

Decoder 
2.89 ± 0.41 2.81 ± 0.44 2.95 ± 0.39 2.79 ± 0.43 

DistilBERT + BiLSTM 

Decoder 
2.91 ± 0.38 2.84 ± 0.42 3.03 ± 0.37 2.86 ± 0.40 

Bidirectional and Auto-

Regressive Transformers 
4.19 ± 0.29 4.12 ± 0.32 4.24 ± 0.27 4.08 ± 0.31 

BERTSUM 3.97 ± 0.31 3.82 ± 0.33 3.88 ± 0.34 3.90 ± 0.32 

PEGASUS 4.02 ± 0.30 3.89 ± 0.32 3.94 ± 0.31 3.97 ± 0.29 

GPT-3.5 4.10 ± 0.28 4.01 ± 0.30 4.07 ± 0.29 4.05 ± 0.31 

Vanilla BART-Large 4.18 ± 0.26 4.09 ± 0.27 4.25 ± 0.24 4.08 ± 0.28 

Text-to-Text Transfer 

Transformer (T5) 
4.41 ± 0.22 4.34 ± 0.25 4.21 ± 0.23 4.37 ± 0.27 

 

Table 9 and Table 10 show the human evaluation results, which indicate the qualitative assessment of the 

generated summaries based on fluency, coherence, grammatical correctness, and informativeness. The traditional 

baseline models obtained relatively lower ratings, indicating limited linguistic quality in the generated summaries. The 

transformer-based model also shows the improved readability and structural coherence. The proposed T5-based model 

obtained the highest scores, indicating effectiveness in generating fluent and informative summaries. The final results 

indicate that the proposed models not only preserve semantic content but also produce linguistically coherent 

summaries. 

Table 11. Factual consistency evaluation of generated summaries for semantic text summarization 

Model Factually Consistent (%) Minor Inconsistencies (%) Hallucinated Content (%) 

Transformer + BiLSTM 

Decoder 
71 19 10 

DistilBERT + BiLSTM 
Decoder 

73 18 9 

Bidirectional and Auto-

Regressive Transformers 
87 9 4 

BERTSUM 85 10 5 

PEGASUS 88 8 4 

GPT-3.5 89 7 4 

Vanilla BART-Large 88 9 3 

Text-To-Text Transfer 

Transformer (T5) 
92 6 2 

Table 12. Factual consistency evaluation of generated summaries for syntactical text summarization 

Model Factually Consistent (%) Minor Inconsistencies (%) Hallucinated Content (%) 

Transformer + BiLSTM 

Decoder 
72 18 10 

DistilBERT + BiLSTM 
Decoder 

74 17 9 

Bidirectional and Auto-

Regressive Transformers 
90 7 3 

BERTSUM 82 12 6 

PEGASUS 84 11 5 

GPT-3.5 86 9 5 

Vanilla BART-Large 88 9 3 

Text-To-Text Transfer 

Transformer (T5) 
93 5 2 

 

Tables 11 and 12 show the factual consistency analysis of generated summaries that accurately reflect the 

information contained in the source documents. The baseline models show the lower factual consistency and higher 

hallucination rates that indicate weaker semantic understanding. The transformer-based model shows the improvement 

in factual reliability. The proposed T5-based models obtained the high factual consistency and the lowest hallucination 

rates, indicating that the generated summaries preserve the relevant information of the source text and minimize 
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incorrect content. 

Discussion 

In this study, we proposed the transformer-based models that show the substantial improvements in abstractive text 

summarization compared with traditional neural models. The proposed models, the enhanced BART and the prompt-

guided T5 architectures, performed well as compared to the Transformer + BiLSTM and DistilBERT + BiLSTM across 

multiple evaluation parameters. The findings show the effectiveness of transformer-based encoder–decoder models to 

capture the contextual dependencies and generate the concise summaries from input documents. The integration of 

semantic and syntactic augmentation improves representation learning to provide the complementary contextual cues 

during preprocessing. The integration of RoBERTa-derived contextual embeddings helps strengthen semantic 

representation of the input text, and POS-based syntactic cues also help the model toward structurally important tokens 

such as nouns, verbs, and proper nouns. The ablation study also shows that linguistic signals provide measurable 

improvements over the vanilla BART baseline, suggesting that semantic and syntactic augmentation can enhance 

summarization quality when combined with pretrained transformer models. 

The evaluation methods were integrated to show a more comprehensive assessment of summary quality. ROUGE 

measures n-gram overlap between generated and reference summaries but does not fully capture semantic similarity or 

linguistic quality. The complementary metrics such as BLEU, METEOR, and BERTScore were included to evaluate 

semantic similarity between generated summaries and reference texts. The results show that the proposed models 

obtained higher scores across the parameters, indicating stronger semantic alignment with the source content. The 

human evaluation was conducted using a 5-point Likert scale to assess fluency, coherence, grammatical correctness, and 

informativeness. The results indicate that transformer-based models generate summaries that are more readable and 

logically structured compared with the baseline models. The proposed prompt-guided T5 model obtained the highest 

scores in fluency and coherence, suggesting that prompt-based task specification can improve natural language 

generation performance. The factual consistency analysis indicates that summaries generated by the proposed models 

show lower hallucination rates and better preservation of key information from the source documents. 

The final results show the improvements in summarization performance, but several limitations are discussed in 

this section. The experiments were conducted on the BBC News Kaggle dataset that contains well-structured news 

articles. The generalization capability of the proposed models across other domains such as scientific documents, legal 

texts, and informal user-generated content remains to be investigated. Another limitation of the study is that the average 

document length in the BBC News dataset is moderate, and the models were not explicitly evaluated on longer 

documents such as research articles and technical reports. Transformer-based models face computational constraints 

when processing very long input sequences, and further investigation is needed to assess the scalability of the proposed 

model for long-document summarization tasks. Automatic metrics such as ROUGE, BLEU, and BERTScore provide 

useful quantitative indicators but cannot capture deeper aspects of discourse structure, factual reasoning. 

The findings of this study suggest that combining the transformer models with semantic and syntactic 

augmentation strategies improves both the quantitative and qualitative aspects of abstractive text summarization. 

Further research is required to evaluate the robustness of the proposed models across multiple datasets, longer document 

types, and noisier text environments. Future work will explore more advanced prompting strategies, lightweight 

linguistic feature integration methods, and cross-domain training approaches to further enhance the generalization 

capability of transformer-based summarization systems. 

5. Conclusions 

In recent years, the rapid expansion of digital information has underscored the importance of automatic text 

summarization in NLP. The text summarization plays a critical role in allowing users to digest large volumes of 

information efficiently from news aggregation and content curation to digital assistants and educational tools. The 

existing models depend on extractive techniques. The advancement of DL and transformer-based models has shifted the 

focus to abstractive summarization, which aims to generate human-like summaries to understand the underlying 

semantics and structure of the source text. This study explored two transformer-based abstractive summarization models 

with the goal of enhancing summary quality through linguistic awareness and task reformulation. The first model 

combines the syntactic and semantic cues into the BART using SpaCy-based Part-of-Speech tagging and RoBERTa-

derived semantic embeddings. The second model used the Text-to-Text Transfer Transformer (T5) model by using a 

prompt-based design to instruct the model to perform summarization directly. The experiments conducted on the BBC 

News dataset show that both models performed well as compared to traditional baselines in terms of ROUGE-1, 

ROUGE-2, and ROUGE-L scores. The T5 model obtained the R-1 scores of 45.61, R-2 of 30.12, and R-L of 45.12, 

showing more abstractive, fluent, and diverse summaries, whereas the BART model delivered slightly more extractive 

and structurally faithful outputs, with strong performance of R-1 scores of 44.28, R-2 of 28.70. The inclusion of 

syntactic and semantic features helped the BART model approach T5’s performance while remaining computationally 

more efficient. The real-world applicability of these models is broad. T5 is well-suited for summarizing general news 

articles, conversational transcripts, and user-generated content where paraphrasing is desirable. The BART model is 

preferable in domains where structural fidelity and formal tone are critical, such as legal documents, technical manuals, 
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or clinical reports. Despite the promising outcomes, the study faces several limitations. The use of extractive-style 

reference summaries may inflate ROUGE scores due to lexical overlap, and the relatively small, domain-specific 

dataset may not reflect broader content variability. Moreover, the lack of factuality checks and reliance on automated 

metrics may mask deeper issues such as hallucination or in coherence in generated summaries. 

For future work, several directions are worth exploring. Integrating factual consistency verification modules or 

retrieval-augmented generation can help generate summaries that remain grounded in the source text. The incorporation 

of human evaluation metrics such as fluency, coherence, and informativeness would complement ROUGE-based 

assessment. The models can be extended to multilingual or cross-lingual summarization tasks using mT5 or mBART, 

which is valuable in global media and translation services. The hybrid models that combine linguistic feature integration 

with prompt-based learning offer a balance between performance and interpretability. 
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