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Abstract: We present a comparative analysis of four transformer-based 
architectures—BERT, T5, BART, and PEGASUS—for abstractive text 
summarization, focusing on their ability to generate concise and semantically 
meaningful summaries from large textual documents. The study employs a 
dataset of approximately 300,000 document-summary pairs derived from 
CNN/Daily Mail, XSum, and scientific article repositories. Our methodology 
involves a comprehensive preprocessing pipeline, tokenization with 
transformer-specific tokenizers, and fine-tuning of each model using cross-
entropy loss and the AdamW optimizer. The evaluation relies on ROUGE 
metrics to quantify n-gram overlap and longest common subsequence 
similarity. Experimental results demonstrate a clear performance hierarchy: 
BERT achieves ROUGE-1 of 42.3, ROUGE-2 of 19.4, and ROUGE-L of 39.1; 
T5 improves these scores to 45.8, 22.6, and 42.5, respectively; BART further 
raises them to 47.2, 23.9, and 44.1; and PEGASUS attains the highest scores 
with 49.6, 25.8, and 46.7. Therefore, the novelty of this work lies in 
systematically identifying PEGASUS as the superior architecture for 
abstractive summarization, attributed to its gap-sentence pretraining strategy. 
The significance of this research is its potential to mitigate information 
overload across domains such as news aggregation, scientific literature, legal 
analysis, and legal document analysis. Our findings collectively advance the 
development of intelligent document management systems by providing a 
clear benchmark for model selection in real-world summarization tasks. 
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Introduction 

The exponential growth of digital textual data across various domains has created an urgent 
need for automated systems capable of condensing large volumes of information into concise, coherent 
summaries. Information overload, particularly in fields such as news aggregation, scientific literature 
review, legal document analysis, and business reporting, presents a significant challenge for 
professionals who must efficiently extract key insights from extensive documents [1]. Automated text 
summarization, a core task in natural language processing (NLP), offers a promising solution to this 
problem by enabling intelligent document management systems to process and distill large-scale textual 
data [2]. 

Traditional approaches to text summarization have primarily relied on extractive methods, which select 
and concatenate salient sentences directly from the source document [3]. While these methods can 
produce grammatically correct summaries, they often fail to capture the underlying semantic meaning 
or generate novel phrasings that are not present in the original text. In contrast, abstractive 
summarization aims to generate novel sentences that paraphrase and condense the source content, 
thereby producing more fluent and human-like summaries [4]. This task, however, is inherently more 
challenging as it requires a deep understanding of the text and the ability to generate coherent language. 

The advent of transformer-based architectures has revolutionized the field of NLP, providing powerful 
mechanisms for modeling long-range dependencies and contextual relationships in text [5]. The self-
attention mechanism, a key component of these models, enables them to weigh the importance of 
different words in a sequence, thereby capturing intricate semantic dependencies [6]. Pretrained 
transformer models, such as BERT, T5, BART, and PEGASUS, have demonstrated remarkable 
performance on a wide range of language generation tasks, including abstractive summarization [7]. 
However, the comparative effectiveness of these architectures for summarization, particularly in terms 
of their ability to generate both accurate and readable summaries, remains an area requiring systematic 
investigation. 

The primary objective of this research is to conduct a comprehensive comparative analysis of four 
prominent transformer architectures—BERT, T5, BART, and PEGASUS—for automated abstractive 
text summarization. We hypothesize that models specifically pretrained for summarization tasks, such 
as PEGASUS, will outperform more general-purpose models like BERT, due to their optimized training 
objectives [8]. Furthermore, we aim to identify the key architectural and pretraining factors that 
contribute to superior summarization performance, providing a clear benchmark for model selection in 
real-world applications. 

The key contribution of this work is the systematic identification of PEGASUS as the superior 
architecture for abstractive summarization among the evaluated models. By leveraging a large dataset 
of document-summary pairs from diverse sources, including CNN/Daily Mail, XSum, and scientific 
article repositories, we demonstrate that PEGASUS achieves the highest ROUGE scores across all 
metrics, a result attributed to its novel gap-sentence pretraining strategy [9]. This finding has significant 
implications for the development of intelligent document management systems, as it provides evidence-
based guidance for practitioners seeking to deploy effective summarization solutions. Moreover, the 
study highlights the critical role of transfer learning in achieving high-performing NLP models and 
underscores the importance of aligning pretraining objectives with downstream tasks. 

The remainder of this paper is organized as follows. Section 2 reviews related literature on transformer-
based summarization and intelligent document processing. Section 3 details the experimental 
methodology, including dataset preparation, model architectures, and training procedures. Section 4 
presents the quantitative results and comparative analysis. Section 5 discusses the implications of the 
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findings and identifies limitations. Finally, Section 6 concludes the paper with a summary of 
contributions and directions for future research. 

Literature Review 

The field of automatic text summarization has evolved considerably from early statistical and rule-
based methods to contemporary deep learning approaches. Early extractive summarization systems 
relied on heuristics such as term frequency-inverse document frequency (TF-IDF) scoring and sentence 
position analysis to identify salient sentences for inclusion in a summary [3]. While computationally 
efficient, these methods often produced summaries that lacked coherence and failed to capture the 
broader semantic context of the source document. The transition to neural network-based models, 
particularly those employing sequence-to-sequence architectures with recurrent neural networks 
(RNNs) and long short-term memory (LSTM) units, marked a significant advancement in the ability to 
generate abstractive summaries. However, these models struggled with long-range dependencies and 
often exhibited issues such as factual inconsistency and repetitive phrasing. 

The introduction of the transformer architecture by Vaswani et al. (2017) fundamentally reshaped the 
landscape of natural language processing by replacing recurrent connections with a parallelizable self-
attention mechanism. This innovation allowed for the efficient modeling of dependencies across 
arbitrarily long sequences, making transformers particularly well-suited for tasks requiring deep 
contextual understanding, such as text summarization [5]. The self-attention mechanism computes a 
weighted sum of all positions in the input sequence, where the weights are determined by learned query, 
key, and value matrices, enabling the model to dynamically focus on the most relevant portions of the 
text [6]. 

Building upon the base transformer architecture, several pretrained language models have been 
developed and applied to abstractive summarization. BERT (Bidirectional Encoder Representations 
from Transformers) introduced a masked language modeling objective that enables deep bidirectional 
representations, but its encoder-only architecture limits its application to sequence generation tasks. 
Extractive summarization approaches that employ BERT to rank sentences have shown promise, yet 
BERT cannot directly generate novel abstractive output [4]. T5 (Text-to-Text Transfer Transformer) 
reframed all NLP tasks as a text-to-text problem, using a unified encoder-decoder architecture that is 
well-suited for generation tasks like summarization [8]. T5 was pretrained on a large corpus using a 
denoising objective where spans of text are masked and subsequently reconstructed, a formulation that 
naturally aligns with the summarization task. 

BART (Bidirectional and Auto-Regressive Transformer) combines a bidirectional encoder similar to 
BERT with an autoregressive decoder akin to GPT, thereby inheriting the strengths of both architectures 
[8]. BART is pretrained by corrupting the input text with arbitrary noising functions and learning to 
reconstruct the original sequence, a strategy that proves particularly effective for text generation. 
PEGASUS (Pre-training with Extracted Gap-sentences for Abstractive Summarization) represents a 
more specialized approach, explicitly optimized for summarization through a novel gap-sentence 
pretraining objective. During pretraining, entire sentences are masked from the input document are 
selected for prediction, mimicking the summarization task itself and thereby providing a strong 
inductive bias for downstream summarization applications [9]. 

Recent surveys have systematically reviewed the application of transformer-based models to long-text 
abstractive summarization, identifying challenges such as handling documents that exceed the 
maximum input length of standard transformers and maintaining factual consistency in generated 
summaries [10]. Domain-specific applications have also been explored, including the summarization of 
scientific articles [4], where abstractive models must accurately condense technical language and 
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preserve citation relationships, and radiology reports [7], where summarization can aid clinical 
decision-making by distilling key findings from lengthy medical narratives. 

Despite the abundance of research on individual transformer architectures, few studies have provided a 
direct, head-to-head comparison of BERT, T5, BART, and PEGASUS under a controlled experimental 
setup for abstractive summarization. Existing comparative analyses often vary in dataset selection, 
evaluation protocols, or hyperparameter configurations, making it difficult to draw definitive 
conclusions about relative performance [8]. Furthermore, the role of pretraining objectives—
specifically, whether task-specific pretraining (as in PEGASUS) consistently outperforms more general 
denoising objectives (as in T5 and BART)—remains underexplored in a systematic manner. The present 
research addresses this gap by evaluating all four architectures on a shared dataset comprising diverse 
document types, using identical preprocessing and training paradigms. This approach enables a fair and 
rigorous comparison that isolates the effect of architectural design and pretraining strategy on 
summarization quality. The key significance of our work against the existing literature is the empirical 
confirmation that PEGASUS’s gap-sentence pretraining yields statistically significant improvements 
over alternative transformer architectures, thereby providing actionable guidance for practitioners 
seeking to deploy high-accuracy summarization systems in real-world intelligent document 
management contexts. 

Methods 

The methodological framework for this research was designed to enable a rigorous and reproducible 
comparative evaluation of four transformer-based architectures for abstractive text summarization. We 
constructed a comprehensive experimental pipeline spanning data acquisition, preprocessing, model 
configuration, training, and evaluation, with the explicit goal of isolating the effect of architectural 
design and pretraining strategy on summarization quality. 

Dataset and Preprocessing 

The corpus for this study comprised approximately 300,000 document-summary pairs aggregated from 
three publicly available benchmark datasets: the CNN/Daily Mail news summarization corpus, the 
XSum dataset, and a collection of scientific article abstracts. The CNN/Daily Mail subset contributed 
roughly 220,000 documents with an average length of 781 words per document, while the XSum subset 
provided approximately 90,000 documents averaging 431 words, and the scientific articles subset 
included about 25,000 documents with an average length of 1,250 words. Each document in the dataset 
was paired with a manually authored reference summary that served as the ground truth for training and 
evaluation. 

Text preprocessing was executed through a multi-stage cleaning pipeline applied uniformly across all 
data sources. The pipeline removed special characters, HTML tags, and extraneous punctuation 
artifacts, then converted all text to lowercase. Stop-word filtering was applied to reduce noise from 
high-frequency but semantically insignificant tokens, and punctuation normalization ensured 
consistency across documents. The cleaned text was subsequently tokenized using transformer-specific 
tokenizers from the BERT and T5 frameworks, which employed subword tokenization strategies to 
handle out-of-vocabulary terms while maintaining computational efficiency. Sequences were padded or 
truncated to a fixed length of 512 tokens to enable uniform batch processing across all models. The 
tokenized textual data were then converted into contextual embeddings using the respective transformer 
encoder architectures, producing dense vector representations that captured both semantic content and 
positional information. 

Transformer Architectures and Attention Mechanism 
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We selected four transformer-based architectures for evaluation, each representing a distinct design 
philosophy for sequence-to-sequence modeling. BERT (Bidirectional Encoder Representations from 
Transformers) served as a bidirectional encoder that processes input text in both directions 
simultaneously, thereby capturing deep contextual relationships. T5 (Text-to-Text Transfer 
Transformer) employs a unified encoder-decoder architecture that reframes all NLP tasks as text-to-text 
problems, making it inherently suited for generation tasks like summarization. BART (Bidirectional 
and Auto-Regressive Transformer) combines a bidirectional encoder with an autoregressive decoder, 
inheriting the strengths of both BERT and GPT. PEGASUS represents the most specialized architecture, 
explicitly optimized for abstractive summarization through a gap-sentence pretraining objective where 
whole sentences are masked and predicted during pretraining. 

The core operational mechanism common to all these architectures is the self-attention mechanism, 
which enables the model to weigh the relative importance of different words within a sequence. The 
scaled dot-product attention formulation is expressed as: 

where 𝑄, 𝐾, and 𝑉 represent the query, key, and value matrices respectively, and 𝑑௞ represents the 
dimension of the key vectors that scales the dot product to prevent gradient instability. This formulation 
allows each token to attend to all other tokens in the sequence, generating context-aware representations 
that underpin the generation of coherent summaries. 

Training Configuration 

The dataset was partitioned using a stratified random split into training, validation, and testing sets with 
proportions of 80%, 10%, and 10% respectively. This partitioning ensured that all models were 
evaluated on identical held-out data, enabling a direct performance comparison. The training objective 
for all models was the minimization of cross-entropy loss, defined as: 

Loss = −෍𝑦௜

ே

௜ୀଵ

log(𝑦ො௜) 

where 𝑁 is the vocabulary size, 𝑦௜  represents the ground-truth probability distribution over tokens at 
each decoding step, and 𝑦ො௜ denotes the predicted probability distribution. The AdamW optimizer was 
employed with a batch size of 16, a learning rate of 1e-4, and a maximum of 20 training epochs. All 
models were initialized with their publicly available pretrained weights, and fine-tuning was performed 
on the full training set. 

Evaluation Protocol 

Summary quality was quantified using the ROUGE (Recall-Oriented Understudy for Gisting 
Evaluation) metric family, which measures n-gram overlap between generated summaries and reference 
summaries. We computed ROUGE-1 for unigram overlap, ROUGE-2 for bigram overlap, and ROUGE-
L for the longest common subsequence. The ROUGE score is formally defined as: 

ROUGE =
Overlapping Units

Reference Units
 

where overlapping units correspond to the count of matching n-grams or subsequences between the 
candidate and reference summaries. 

Implementation was conducted using Python with TensorFlow and PyTorch libraries, and model 
architectures were instantiated via the Hugging Face Transformers library. Text preprocessing leveraged 
NLTK and SpaCy for linguistic operations, while numerical computations relied on NumPy and Pandas 
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for data handling. All experiments were conducted on publicly available datasets without any sensitive 
personal information, and ethical standards for responsible AI deployment were maintained throughout 
the research process. 

Figure 1 illustrates the architectural evolution from classic extractive methods to modern transformer-
based approaches, highlighting the structural differences that influence summarization performance. 

 

Figure 1. Comparison of Classic Graph Extractive, RNN-based Model Architecture, and Transformer architectures for text 
summarization. 

Results 

To establish a comprehensive understanding of the experimental outcomes, we present the results in 
three key subsections that sequentially examine the dataset composition, the quantitative performance 
of each model, and the training behavior that underpins the observed performance hierarchy. 

Dataset Characteristics 

The experimental corpus comprised approximately 300,000 document-summary pairs sourced from 
three distinct publicly available benchmarks, each contributing unique textual characteristics that 
collectively supported a robust evaluation of the transformer models. As shown in Table 1, the 
CNN/Daily Mail news summarization dataset provided the largest contribution, with roughly 220,000 
documents averaging 781 words in length. This corpus, originally developed for extractive 
summarization tasks before being adapted for abstractive research, features journalistic writing that is 
relatively structured, with clear narrative arcs and prominent lead paragraphs that often encapsulate the 
core news event. The XSum dataset contributed approximately 90,000 documents with a notably shorter 
average length of 431 words. XSum presents a greater challenge for abstractive summarization because 
its reference summaries are written to be highly concise and often employ phrasing that diverges 
significantly from the source text, thereby requiring models to perform more substantial content 
reformulation rather than simple extraction. The scientific articles subset, comprising about 25,000 
documents, exhibited the longest average document length at 1,250 words. These documents, drawn 
from repositories of research abstracts and full article introductions, contain domain-specific 
terminology and a carefully structured presentation of problem statements, methodologies, findings, 
and conclusions. The diversity in average document length across these sources—ranging from 431 to 
1,250 words—ensured that the evaluated models were tested on textual input of varying complexity 
and density, providing a comprehensive assessment of their ability to handle both concise and verbose 
content. 

Table 1. Summary of Text Dataset Characteristics 

Dataset Source Number of Documents Average Document Length 
CNN/Daily Mail 220,000 781 words 
XSum 90,000 431 words 
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Scientific Articles 25,000 1,250 words 
The distribution of document lengths within each subset also varied substantially. The CNN/Daily Mail 
subset contained a relatively homogeneous collection of news articles, with the majority of documents 
falling within a range of 400 to 1,200 words, reflecting the standardized length conventions of news 
reporting. In contrast, the XSum dataset exhibited a tighter length distribution centered around 400 
words, consistent with its design as a dataset for extreme summarization where brevity of both input 
and output is emphasized. The scientific articles subset displayed a wider dispersion of document 
lengths, with some entries exceeding 2,000 words, primarily due to inclusion of full abstracts with 
elaborated background sections. This variation was important for testing the robustness of the 
transformer models, as models employing fixed input length constraints, such as the 512-token limit 
used in this study, needed to effectively compress longer documents through truncation or careful 
attention weighting. 

Beyond document length, the linguistic characteristics of the datasets also contributed to the 
evaluation’s comprehensiveness. The CNN/Daily Mail documents featured predominantly factual and 
event-driven language, often with named entities, dates, and numerical values that needed to be 
accurately preserved or paraphrased in the generated summaries. The XSum abstracts presented a 
greater reliance on novel phrasing and metaphorical language, requiring models to capture the essence 
of an event without copying specific wording from the source. The scientific articles contained a high 
density of technical jargon, formal sentence structures, and logical connectors such as “therefore,” 
“however,” and “consequently,” demanding that the models understand not only lexical content but also 
argumentative flow and causal relationships. This multi-source corpus design thus ensured that the 
subsequent performance evaluation across ROUGE metrics reflected each model’s capacity to 
generalize across diverse textual domains, from journalistic conciseness to academic depth and 
narrative compression. 

Model Performance on ROUGE and Summary Quality 

The performance of the four transformer-based architectures was systematically evaluated using the 
ROUGE metric family, which quantifies the overlap between generated summaries and reference 
summaries in terms of unigrams (ROUGE-1), bigrams (ROUGE-2), and the longest common 
subsequence (ROUGE-L). Table 2 presents the aggregated ROUGE scores for all models on the held-
out test set, which comprised 10% of the total corpus and was unseen during training or validation. 

Table 2. ROUGE Performance of Transformer Models on the Test Set 

Model ROUGE-1 ROUGE-2 ROUGE-L 
BERT 42.3 19.4 39.1 
T5 45.8 22.6 42.5 
BART 47.2 23.9 44.1 
PEGASUS 49.6 25.8 46.7 

The results reveal a clear and consistent performance hierarchy across all three ROUGE metrics. BERT, 
functioning as an encoder-only architecture adapted for summarization via classification-based sentence 
ranking, achieved the lowest scores with ROUGE-1 of 42.3, ROUGE-2 of 19.4, and ROUGE-L of 39.1. 
This performance level was expected given that BERT is not inherently designed for sequence 
generation; its architecture lacks a decoder component capable of generating novel token sequences, 
and its pretraining objective of masked language modeling does not explicitly require the model to 
produce coherent multi-sentence summaries [4]. Consequently, BERT’s summaries often relied on 
extracting and reordering sentences from the source text, leading to reasonable unigram overlap but 
poorer bigram and longest common subsequence scores that reflect a deficiency in maintaining phrasal 
and structural continuity. 
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T5 demonstrated a notable improvement over BERT, achieving ROUGE-1 of 45.8, ROUGE-2 of 22.6, 
and ROUGE-L of 42.5. The gain of 3.5, 3.2, and 3.4 points respectively can be directly attributed to 
T5’s encoder-decoder architecture and its text-to-text pretraining framework, which frames 
summarization as a span-masked reconstruction task that naturally aligns with abstractive generation 
[8]. T5’s ability to generate novel paraphrases rather than simply selecting sentences contributed to 
higher unigram overlap, while its decoder component preserved more of the sequential structure 
necessary for higher ROUGE-L and ROUGE-2 scores. 

BART further extended this performance trend, attaining ROUGE-1 of 47.2, ROUGE-2 of 23.9, and 
ROUGE-L of 44.1. The incremental improvements of 1.4, 1.3, and 1.6 points over T5 can be explained 
by BART’s combination of bidirectional encoding with autoregressive decoding, which provides a 
richer representation of input context while maintaining the generative capacity of a left-to-right 
decoder [8]. BART’s pretraining strategy, which involves corrupting the input text with arbitrary noising 
functions such as token masking, deletion, and text infilling, creates a more robust understanding of 
sentence structure and discourse relations, which translates into improved phrasal alignment (ROUGE-
2) and structural coherence (ROUGE-L). 

PEGASUS achieved the highest scores across all metrics, with ROUGE-1 of 49.6, ROUGE-2 of 25.8, 
and ROUGE-L of 46.7. The margin between PEGASUS and BART—2.4 points for ROUGE-1, 1.9 
points for ROUGE-2, and 2.6 points for ROUGE-L—is statistically significant and underscores the 
advantage of its gap-sentence pretraining strategy [9]. Unlike the general denoising objectives of T5 
and BART, PEGASUS is pretrained by masking entire sentences from the input document and learning 
to predict them based on the surrounding context, a task that directly mimics the summarization process 
itself. This pretraining objective provides a strong inductive bias, enabling PEGASUS to identify and 
retain the most salient sentences or sentence fragments while generating coherent and fluent summaries 
that faithfully reflect the source content. 

 

Figure 2. ROUGE and BLEU scores for different transformer-based summarization models including T5 Base, T5 Large, 

BART CNN Large, and PEGASUS Large. 

The bar chart in Figure 2 provides a visual confirmation of the trends observed in Table 2, while also 
extending the comparison to include BLEU scores for an additional generation quality dimension. The 
figure shows that T5 Large and BART CNN Large achieve ROUGE-1 scores consistently in the range 
of 0.30 to 0.34, with PEGASUS Large attaining slightly higher ROUGE-1 values. The ROUGE-L 
scores maintain a similar pattern, while ROUGE-2 and BLEU scores are lower across all models, as 
expected for metrics that penalize deviation from the reference summary’s exact phrasing. An important 
observation from the figure is that the performance ranking among the T5, BART, and PEGASUS model 
families remains consistent regardless of model size: PEGASUS variants outperform BART variants, 
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which in turn outperform T5 variants. This consistency reinforces the conclusion that architectural and 
pretraining differences, rather than scaling alone, are the primary drivers of summarization 
performance. 

Beyond the automated metrics, the qualitative assessment of generated summaries revealed substantial 
differences in fluency, coherence, and factual faithfulness among the four models. The transformer-
based models demonstrated a clear advantage over traditional extractive summarization techniques in 
terms of readability, as they were able to generate summaries that read as naturally composed 
paragraphs rather than concatenated sentences from the source document. PEGASUS-generated 
summaries were rated as the most fluent and semantically meaningful, with fewer instances of repetitive 
phrasing or fragmented structure. BART and T5 produced summaries with slightly lower fluency but 
still substantially better than BERT’s extractive output. The attention mechanisms within these models 
successfully enabled them to focus on contextually important words during the generation process, as 
evidenced by the high ROUGE-L scores that reflect the preservation of thematic structure. 

 

Figure 3. Comparative evaluation of transformer models across fluency, faithfulness, coverage, hallucinations, and summary 
quality metrics. 

The comparative evaluation presented in Figure 3 provides a nuanced perspective on summary quality 
that extends beyond ROUGE metrics alone. This figure reveals a critical divergence: while PEGASUS 
achieved the highest ROUGE scores, it exhibited a tendency toward hallucinations and lower 
faithfulness in certain settings. BART emerged as the best overall model in terms of faithfulness and 
fluency, receiving the highest ratings for these dimensions. This finding highlights an important trade-
off in abstractive summarization: models that are highly optimized for lexical overlap with reference 
summaries, as measured by ROUGE, may sacrifice factual accuracy and hallucinate content that is not 
present in the source document. PEGASUS’s gap-sentence pretraining, while effective at identifying 
salient sentences for inclusion, may also encourage the model to generate stylistically similar content 
that diverges from the source’s factual details, particularly when the document-summary gap is large. 
In contrast, BART’s more conservative pretraining objective appears to produce summaries that are 
both accurate and faithful to the original text, even if they achieve slightly lower n-gram overlap scores. 

The overall summary quality assessments in Figure 3 further underscore that ROUGE scores alone do 
not fully capture the usability of generated summaries for real-world applications. In intelligent 
document management systems, where summary accuracy is critical for tasks such as legal document 
analysis or medical report summarization, the faithfulness of generated content may be prioritized over 
lexical diversity or n-gram overlap. This observation is consistent with recent literature highlighting the 
limitations of ROUGE as a standalone evaluation metric, and it motivates the inclusion of human 
judgment and additional automated metrics such as BLEU for a more holistic assessment of summary 
quality [10]. The combined evidence from Tables 2 and Figures 2 and 3 suggests that while PEGASUS 
offers the strongest performance on automated metrics, practitioners must carefully consider the trade-
off between lexical overlap and factual faithfulness when deploying these models in domain-specific 
contexts. 

Training Dynamics and Model Superiority 
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The training process for each transformer architecture exhibited distinct convergence behaviors that 
provide insight into the underlying mechanisms driving the observed performance hierarchy. Figure 4 
presents the training and validation loss curves for the combined model across all epochs, illustrating 
the typical pattern of stable convergence observed during the fine-tuning process. 

 

Figure 4. Transformer loss curve showing training and validation cross-entropy loss convergence over epochs. 

As shown in Figure 4, the training loss for the transformer ensemble initiated at approximately 1.3 and 
exhibited a steep decline between epochs 6 and 8, after which it stabilized around 0.75. The validation 
loss, starting higher at roughly 1.55, followed a parallel downward trajectory with a pronounced drop 
between epochs 6 and 8 before settling near 0.94. The parallel decrease in both curves, combined with 
the narrowing gap between training and validation losses as training progresses, indicates successful 
model convergence without significant overfitting. This pattern was consistent across all four 
architectures, though the absolute loss values at initialization and final stabilization varied according to 
the pretraining quality and architectural complexity of each model. 

Examining the convergence dynamics across individual architectures revealed important differences in 
their learning efficiency. BERT, as an encoder-only model adapted for summarization, exhibited the 
slowest convergence and the highest final validation loss. This result is expected given that BERT’s 
pretrained representations, while strong for language understanding, do not naturally support sequence 
generation. The model required additional epochs to learn the decoding and summarization-specific 
patterns, leading to a longer time to convergence and higher plateau loss values. T5 and BART both 
demonstrated faster convergence than BERT, benefiting from their encoder-decoder architectures that 
align more directly with the sequence-to-sequence nature of summarization. The validation loss for 
these models plateaued at lower values than BERT, reflecting their improved capacity for generating 
coherent summaries. 

PEGASUS exhibited the most efficient convergence among all architectures, reaching the lowest 
validation loss plateau in the fewest number of epochs. This superior training dynamics can be directly 
attributed to its gap-sentence pretraining strategy, which provides a pretrained initialization that is 
exceptionally well-aligned with the downstream summarization task. Unlike general denoising 
objectives that reconstruct arbitrary masked tokens, PEGASUS’s pretraining phase requires the model 
to predict entire masked sentences based on their surrounding context. This task structure mimics the 
summarization objective of identifying and generating salient content from a source document, thereby 
transferring a strong inductive bias that reduces the fine-tuning effort required. The pretrained gap-
sentence prediction weights effectively jump-start the summarization training, allowing PEGASUS to 
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converge more rapidly and to a lower loss minimum compared to models with less specialized 
pretraining. 

The role of transfer learning in facilitating this convergence cannot be overstated. All four models in 
this study were initialized with weights from large-scale pretraining corpora, which provided 
foundational knowledge of syntax, semantics, and discourse structure that would otherwise require 
extensive training from scratch. However, the degree of alignment between the pretraining objective 
and the downstream summarization task determined the magnitude of the transfer learning benefit. 
PEGASUS, designed specifically for summarization, realized the greatest transfer advantage, 
translating its pretrained capacity for sentence-level salience identification directly into efficient fine-
tuning. BART and T5, with their more general text reconstruction objectives, required more fine-tuning 
to adapt their representations to summarization, while BERT, lacking an encoder-decoder architecture 
altogether, faced the greatest adaptation challenge. 

The training dynamics also revealed interesting patterns in the variance of validation loss across epochs. 
For all models, the validation loss exhibited higher variance during the initial epochs, reflecting the 
instability of the pretrained weights when first exposed to the summarization task. As training 
progressed, the models converged toward stable configurations, and the variance in validation loss 
diminished correspondingly. This pattern indicates that the fine-tuning process effectively specialized 
the pretrained representations for the summarization domain without disrupting the core linguistic 
knowledge encoded during pretraining. The stability of convergence, as evidenced by the non-
increasing validation loss throughout training, further confirmed that the selected hyperparameters—
specifically the learning rate of 1e-4 and the AdamW optimizer—provided appropriate optimization 
dynamics without causing divergence or catastrophic forgetting. 

The comprehensive evidence from the training dynamics analysis thus reinforces the conclusions drawn 
from the ROUGE evaluation. The superior convergence speed and final loss achieved by PEGASUS 
are not merely artifacts of model architecture but are directly linked to its specialized pretraining design. 
This finding highlights a fundamental principle for applied NLP: the alignment between pretraining and 
downstream tasks is a critical determinant of both training efficiency and final model performance. For 
practitioners seeking to deploy automated text summarization systems in resource-constrained 
environments, where training time and computational budgets are limited, PEGASUS’s rapid 
convergence offers a practical advantage beyond its higher ROUGE scores. The combination of 
efficient training dynamics and superior quantitative performance establishes PEGASUS as the most 
practical and effective choice among the evaluated models for abstractive summarization tasks. 

Discussion 

The findings of this comparative analysis carry significant theoretical and practical implications for the 
field of automated text summarization. From a theoretical standpoint, the observed performance 
hierarchy, with PEGASUS surpassing BART, T5, and BERT, provides compelling evidence supporting 
the principle that task-specific pretraining objectives yield superior downstream performance over more 
general denoising approaches. This result suggests that the gap-sentence prediction strategy, which 
requires the model to infer entire masked sentences from their textual surroundings, instills a pretrained 
representation that more directly encodes the cognitive operations underlying summary generation, such 
as salience detection, content selection, and paraphrastic compression. For researchers developing 
future language models, this finding implies that investing in carefully designed, task-aligned 
pretraining objectives may offer greater marginal returns than simply scaling model size or broad corpus 
coverage, particularly for specialized generation tasks like abstractive summarization. 
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The practical implications of this research are substantial for practitioners deploying summarization 
systems in real-world contexts, such as legal document analysis, medical record summarization, and 
business intelligence reporting. The consistently superior ROUGE scores achieved by PEGASUS 
indicate that it is likely the optimal choice for applications where maximizing lexical overlap with 
reference summaries is the primary objective, for instance, in generating executive summaries of 
financial reports where precision of terminology and numeric accuracy are paramount. However, the 
qualitative evidence highlighting BART’s superior faithfulness and reduced hallucination rate 
introduces a critical caveat for deployment in high-stakes domains. For a practitioner designing a system 
to summarize clinical trial documentation, where factual fidelity is non-negotiable and any hallucinated 
content could have serious consequences, BART may represent a more prudent choice despite its 
slightly lower ROUGE scores than PEGASUS. This tension between automated metric performance 
and real-world reliability underscores the necessity for domain-specific evaluation protocols that extend 
beyond ROUGE to include human judgment of factual consistency, particularly when summaries are 
used to inform decision-making. 

Nevertheless, these interpretations must be considered within the context of several methodological 
limitations. The dataset, while diverse in source and length, was exclusively composed of English-
language texts from news and scientific domains, limiting the generalizability of the findings to 
languages with different syntactic structures or to genres such as fiction, dialogue, or social media 
content. The reliance on a fixed input length of 512 tokens for all models may have introduced a 
systematic bias against longer documents, particularly those from the scientific articles subset, where 
truncation could have eliminated important contextual information and thus unfairly penalized models 
that rely on broader discourse understanding. Furthermore, the evaluation strategy focused primarily on 
ROUGE metrics, which, as widely acknowledged in the literature, correlate only moderately with 
human judgment of summary quality, especially in capturing aspects like coherence and novelty. 
Potential publication bias is also a factor, as the selected models represent high-performing, widely 
studied architectures; less prominent or more recent summarization-specific transformers were not 
included, possibly omitting models that could challenge the performance hierarchy established here. 

Future research should directly address these limitations to further advance the field. There is a clear 
need for empirical studies that evaluate transformer-based summarization models on multilingual and 
cross-lingual datasets, as the gap-sentence pretraining hypothesis may not transfer uniformly to 
morphologically rich languages or those with less standardized orthography. Future research should 
also explore adaptive input length mechanisms, such as hierarchical transformers or long-range 
attention patterns like Longformer or BigBird, to determine whether the observed advantage of 
PEGASUS persists when models operate on full documents without truncation. Understudied areas 
include the systematic investigation of factual consistency and hallucination across model architectures; 
we recommend future work to employ both automated factuality metrics and rigorous human annotation 
protocols to quantify the trade-off between ROUGE performance and faithfulness more precisely. 
Additionally, future research should explore the integration of domain-specific pretraining for 
summarization in specialized fields like medicine or law, examining whether combining gap-sentence 
pretraining with a second phase of domain-adaptive pretraining can yield models that are both lexically 
precise and factually reliable. Finally, there is a need for the development and validation of evaluation 
frameworks that move beyond n-gram overlap to incorporate measures of semantic coherence, factual 
correctness, and information coverage, allowing practitioners to select models based on a holistic 
understanding of their strengths and weaknesses. 

Conclusion 
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This study set out to determine which transformer architecture is most effective for abstractive text 
summarization by systematically comparing BERT, T5, BART, and PEGASUS on a multi-source 
corpus of 300,000 document-summary pairs. Our investigation confirmed the central hypothesis that 
pretrained transformer models can generate concise and semantically meaningful summaries, but it 
further revealed a clear and consistent performance hierarchy among them. The primary contribution 
of this work is the empirical demonstration that PEGASUS achieves superior ROUGE scores—49.6, 
25.8, and 46.7 for ROUGE-1, ROUGE-2, and ROUGE-L respectively—outperforming BART, T5, and 
BERT across all metrics. This finding is theoretically significant because it validates the principle that 
gap-sentence pretraining, which directly mimics the summarization task, provides a more effective 
inductive bias than general denoising objectives, thereby advancing our understanding of how 
pretraining alignment drives downstream performance. 

The value of this research lies in its practical implications for deploying summarization systems in real-
world contexts. While PEGASUS offers the highest lexical overlap with reference summaries, the 
qualitative analysis revealed a critical trade-off: BART exhibited superior faithfulness and a lower 
tendency toward hallucination in our evaluation. This nuanced finding challenges the assumption that 
ROUGE scores alone should guide model selection, particularly for high-stakes domains like medical 
or legal document analysis where factual accuracy is paramount. For practitioners, we therefore 
recommend a dual evaluation strategy that considers both automated metrics and human judgment of 
factual consistency, thereby bridging the gap between benchmark performance and operational 
reliability. 

Looking ahead, several promising avenues for future research emerge from this work. The observed 
trade-off between ROUGE performance and factual faithfulness warrants systematic investigation 
through dedicated factuality metrics and human annotation protocols extended to larger, more diverse 
datasets. Future studies should also explore whether PEGASUS’s advantage persists when adaptive 
input mechanisms allow models to process full documents without the 512-token truncation constraint 
imposed here, and whether multilingual versions of these architectures yield similar performance 
hierarchies across languages with different structural properties. Furthermore, we encourage the 
development of evaluation frameworks that integrate semantic coherence and factual correctness 
alongside n-gram overlap, as such holistic metrics would better equip practitioners to make informed 
model selection decisions. By identifying both the strengths and limitations of current transformer 
architectures, this research provides a foundation for continued progress toward summarization systems 
that are not only lexically precise but also factually reliable and practically deployable across diverse 
domains.  
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