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Abstract 

Abstractive text summarization has advanced significantly with the adoption of pre-trained language models 

(PLMs), yet challenges remain in balancing informativeness, fluency, semantic alignment, and factual 

consistency. This study investigates both fine-tuned and prompt-based approaches for summarization, using a 

LoRA-adapted BART model with length control alongside three baseline models: Qwen, BERT2BERT, and 

BART-large-CNN. All models are evaluated on the first 100 samples of the CNN/DailyMail dataset under 

consistent experimental settings. Performance is measured using ROUGE, BERTScore, and FactCC metrics. 

Experimental results show that while fine-tuned models achieve strong overall performance, prompt-based 

large language models can deliver competitive results without additional training. Error analysis further 

reveals common summarization issues, providing insights into the trade-offs between fine-tuning and 

prompting strategies in resource-constrained scenarios. 
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1. Introduction 

Nowadays people are constantly exposed to an overwhelming flow of information, whether it comes from 

news websites, research papers or online reports and so on. Reading everything in full is often unrealistic, so 

text summarization offers a practical way to capture the main points of long text without going through every 

detail (Abualigah et al. 2019). 

Text summarization uses natural language processing methods to help readers quickly understand the key 

ideas of long documents without having to read every line (Kwon et al. 2023). In general, there are two widely 

recognised approaches. The second type is abstractive summarization, which generates new sentences to 

convey the same meaning in a way that is more understandable and readable for humans (Tsonkov et al. 2021). 

Figure 1.1 illustrates the main differences between these two methods. 

 

Figure 1.1: The difference between an abstractive summarization and an extractive summarization. 

Extractive summarization is relatively easy to implement, but the summaries it generates are usually 

fragmented or repetitive, which may lead to unclear semantics of the generated sentences (Cardenas et al. 

2022). The new sentences generated by abstractive summarization convey the main ideas more fluently and 

naturally, thus becoming the mainstream method in text summarization research (Gupta and Lehal 2010; 

Zhang et al. 2025). In recent years, the development of pre-trained language models (PLMs) such as BART 

(Lewis et al. 2019) and T5 (Raffel et al. 2020) has further promoted the development of abstractive 

summarization. These models were trained on large text corpora and then fine-tuned on task-specific datasets, 

significantly improving the quality of abstract summaries and enabling them to generate a wide range of 

outputs from news articles to encyclopedias, books, and online content (Goodfellow et al. 2016; Zhang et al. 

2025) 
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Figure 1.2: Using pre-trained language models (PLMs) for document summarization. PLMs learn semantic patterns from 

large-scale text and generate summaries by creating new sentences that capture the main ideas of the original content. 

We adopt pre-trained language models (PLMs) to enhance the language understanding ability of the summary 

system, while avoiding the time and resource consumption caused by training from scratch (Goodfellow et al. 

2016). In addition, the use of PLM-based abstractive summarization is also for efficiency considerations, as it 

can reduce training costs and, on this basis, improve the fluency and overall quality of generated summaries 

(Zhang et al. 2025). 

Nowadays summarization methods based on large language models (LLMS) have received extensive attention 

(Minaee et al. 2024), but this approach typically requires a significant amount of computing resources and 

massive training data during the training process. In this study, we chose to use pre-trained language models 

(PLMs) because these models can be fine-tuned with smaller, task-specific datasets, have lower training and 

running costs, and still provide reliable language understanding capabilities for summarization tasks. Unlike 

extractive summarization, summarization methods based on PLM often generate new sentences from the 

original text rather than simply repeating the source text (Zhang et al. 2025). 
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2. Background 

In recent years, artificial intelligence (AI) has developed rapidly, among which the driving role of machine 

learning (ML) is particularly significant. It enables systems to learn from data and continuously improve 

performance. Among the important branches of artificial intelligence, natural language Processing (NLP) 

mainly studies how computers understand and generate natural language. 

2.1. Machine learning 

The core of machine learning (ML) lies in building algorithms that can learn from data rather than relying on 

fixed rules (Mitchell 1997; Goodfellow et al. 2016). During the training process, the algorithm continuously 

adjusts parameters by observing a large number of samples, thereby learning to extract useful patterns and 

being able to apply this knowledge to new inputs. Common learning methods fall into three categories: 

supervised learning, which involves training with labeled data, such as spam classification (Jordan and 

Mitchell 2015); Unsupervised learning, that is, discovering potential structures in unlabeled data, such as 

clustering users based on behavior (Hastie et al. 2009); And reinforcement learning, that is, gradually 

improving strategies by interacting with the environment and based on feedback(Sutton and Barto 1998). With 

these methods, machine learning has become the foundation of numerous applications such as computer vision, 

natural language processing, and recommendation systems (LeCun et al. 2015). 

2.2. Natural Language Processing 

Natural language processing (NLP) studies how computers understand and generate natural language. Its tasks 

are typically divided into two major categories: text understanding and text generation (Jurafsky and Martin 

2021). To achieve this goal, NLP integrates methods from linguistics, computer science and machine learning, 

enabling the system to handle both written and spoken language. NLP has many common applications, such 

as part-of-speech tagging, syntactic analysis, named entity recognition, machine translation, question-

answering systems, and sentiment analysis. 

2.2.1. Natural Language Understanding 

Natural language understanding (NLU) studies how machines interpret human language and recognize its 

meaning. In research and practical applications, NLU has been widely used in tasks such as text classification, 

sentiment analysis, information extraction, and question-answering systems (Cambria and White 2014; 

Hirschberg and Manning 2015). To efficiently complete these tasks, the model not only needs to understand 

the meaning of individual words but also be able to grasp the interrelationships of words in the context. 
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2.2.2. Natural Language Generation 

Natural language generation (NLG) studies how machines generate coherent and context-appropriate text. It 

has been widely applied in fields such as dialogue systems, machine translation and text summarization (Gatt 

and Krahmer 2018). The uniqueness of NLG lies in its emphasis on fluency and creativity. When generating 

text, one should not only consider the context but also make the output as natural as possible, close to human 

expression. 

2.2.3. Tokenization 

In the field of NLP, tokenization is a key step in the preprocessing stage. It will split the original text into 

smaller units, namely tokens, which may be words, sub-words, or even individual characters, depending on 

the method adopted (Manning and Scḧtze 1999). Early methods mostly relied on simple rules, such as 

splitting by Spaces, but this approach was not effective when dealing with morphological changes and low-

frequency words. To address these issues, researchers have proposed subword-based techniques, such as byte 

pair encoding (BPE) (Sennrich et al. 2015) and WordPiece (Schuster and Nakajima 2012). These methods 

strike a balance between word-level and character-level word segmentation, being able to control the scale of 

the vocabulary while representing rare or unseen words by combining smaller units. 

2.3. Language Models 

A Language Model (LM) is a statistic model which estimates the probability of word sequences to generate 

or interpret text (Jelinek et al. 1975). As illustrated in Figure 2.1, an LM predicts the next word in a sequence 

by assigning probabilities to possible candidates and selecting the most likely option. 

 

Figure 2.1: Next word prediction in language modeling. For instance, given the phrase “The cat is on”, the model predicts 

the most probable continuation, such as “table”. 

Language models play a fundamental role in natural language processing tasks, including text summarization. 
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They are designed to predict the likelihood of a word sequence and thus generate grammatically and 

semantically coherent text. Early models, such as N-gram language models, which predict the next word based 

on the preceding � − ͳ words, relied on statistical co-occurrence patterns to estimate word probabilities, but 

often struggled with long-range dependencies and contextual ambiguity (Rosenfeld 2000). 

2.3.1. N-gram Language Models 

An N-gram is a sequence of � consecutive words in a text. N-gram language models estimate the probability 

of a word based on the preceding � − ͳ words (Jelinek et al. 1975). As illustrated in Figure 2.2, given a 

trigram model ( � = ͵ ), the probability of the target sentence < ݏ >< ݏ > ݏ/> ݏ݁ݕ ݋݊ ݋݊ ݏ݁ݕ  >  is 

computed based on the reference corpus. Each word is predicted to use its two immediate predecessors. For 

example, the second "no" is predicted based on the previous "yes" and "no". 

 

Figure 2.2: An example for N-gram language model. The model estimates the probability of each word in a sentence 

based on the preceding two words (trigram). The word “no” is predicted from the context “yes no”. 

N-gram language models are simple and computationally efficient, but they also have obvious limitations. 

One of the problems is data sparsity. Another problem is that such models have difficulty capturing the 

relationships between words that are far apart in the text, also known as long-distance dependencies (Bengio 

et al. 2003). 

2.3.2. Neural Network-based Language Models 

Neural networks are typically described as a layered structure composed of interconnected units or artificial 

neurons, which can directly learn complex patterns from data (Goodfellow et al. 2016). In the field of natural 

language processing, neural networks are widely used to build language models, represent words through 

word embeddings, and capture context relationships from large-scale corpora. Compared with the traditional 

N-gram model, the method based on neural networks performs better in modeling long-distance dependencies 

and identifying semantic similarities, which also makes it one of the core cornerstones in modern NLP research 
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(Bengio et al. 2003). 

2.3.3. Sequence-to-Sequence-based Language Models 

Sequence-to-sequence (Seq2Seq) models, often referred to as encoder-decoder architectures, are important 

members of neural network methods (Sutskever et al. 2014). In Seq2Seq, the encoder reads the input sequence 

and generates an internal representation, which is then passed to the decoder that generates the corresponding 

output. As shown in Figure 2.3, this setting is particularly suitable for tasks with different input and output 

lengths, such as translation, question answering, or summarization. 

 

Figure 2.3: The basic workflow of the Seq2Seq model. 

The traditional Seq2Seq model is usually based on recurrent neural networks (RNNs), in which the encoder 

processes the input step by step and the decoder generates the output word by word in sequence (Mikolov et 

al. 2010). Compared with the N-gram model, the RNN-based method performs better in capturing long-

distance dependencies and processing variable-length sentences. However, such methods also have obvious 

drawbacks, among which the most significant one is the vanishing gradient problem (Bengio et al. 1994). 

2.3.4. Transformer-based Language Models 

The Transformer architecture was proposed by Vaswani et al. (2017). It has brought about a significant 

breakthrough in sequence modeling by replacing the cyclic structure of RNNS with self-attention mechanisms. 

With the help of the multi-head self-attention mechanism, the model can capture global dependencies in 

parallel instead of processing them step by step. This design not only alleviates the vanishing gradient problem 

but also enables the Transformer to train more efficiently and stably when handling extremely large-scale data. 

Moreover, its performance does not decline as the data scale increases. 

As shown in Figure 2.4, the Transformer uses an encoder-decoder structure similar to that of Seq2Seq but 

differs in some aspects. The Transformer encoder (left) processes the input sequence using self-attention and 

feedforward network layers to construct context representations. Then, the Transformer decoder (right) 

generates the output by examining the representation of the encoder and the tokens it has already generated. 

Due to this setting, the Transformer architecture can simultaneously perform data computations and capture 

remote dependencies. Today, this architecture serves as the foundation for many widely used NLP systems, 

such as machine translation, summarization, and language understanding. 
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Figure 2.4: The architecture of Transformer, composed of stacked self-attention and feed-forward layers in both 
encoder(left) and decoder(right). Source: Vaswani et al. (2017). 

Figure 2.5 shows that the Transformer can check the words in the entire input sentence, not just those nearby. 

It achieves the degree of attention to each word by allocating attention scores, which will show which tokens 

are most useful for generating the next new token. For instance, when the model processes the word "it", it 

can assign more weights to tokens that are far apart but semantically relevant, thereby demonstrating how the 

Transformer captures remote dependencies across sentences. 

 

 

Figure 2.5: An illustration of how the Transformer attends to relevant words across a sequence. 

The first Transformer-based language models were usually trained from scratch on very large datasets, using 

only paired input–output examples without drawing on pre-trained knowledge (Paulus et al. 2017). This 
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approach gave researchers the freedom to design their own architectures and objectives, but in practice it was 

extremely resource-intensive and demanded access to huge collections of data to reach competitive results. 

Another difficulty was that models trained entirely from scratch often struggled to generalize across domains, 

since their training data did not expose them to a wide enough variety of linguistic contexts (Zhao et al. 2023). 

2.3.5. Pre-trained Language Models 

Pre-trained language models (PLMs) build on the Transformer architecture and are trained on massive text 

corpora using objectives such as masked language modeling or causal language modeling (Devlin et al. 2018; 

Qiu et al. 2020). By learning from large-scale data, PLMs acquire knowledge of language structure and 

contextual meaning, which allows them to perform well even when labeled data are limited. Compared with 

models trained entirely from scratch, PLMs are generally more efficient, effective, and robust, making them 

the foundation of most modern NLP systems. 

PLMs are typically divided into three main architectures, all of which originated from the original Transformer 

design (Vaswani et al. 2017) and have been improved for different tasks and pre-training strategies (Qiu et al. 

2020). Only encoder models (such as BERT) retain the Transformer encoder and adopt bidirectional attention, 

which are suitable for natural language understanding (NLU) tasks such as classification and information 

extraction. They are usually trained with autoencoder targets, that is, to reconstruct masked words through 

context (Devlin et al. 2018). Decoder models (such as GPT) only use Transformer decoders and generate text 

strictly from left to right, thus being suitable for natural language generation (NLG) tasks such as dialogue 

systems. Their training objective is autoregressive modeling, that is, predicting the next word based on the 

previous text (Radford et al. 2018). Encoder-decoder models (such as BART and T5) combine the two: the 

encoder is responsible for capturing the global context, and the decoder generates output based on the context. 

Such models typically adopt a text-to-text training framework and perform particularly well in tasks such as 

summarization and translation (Lewis et al. 2019; Raffel et al. 2020). 

BART combines both autoencoder and autoregressive training methods, thus it can handle both understanding 

tasks and generative tasks. It adopts an encoder-decoder framework and is pre-trained through denoising 

autoencoder targets (Lewis et al. 2019). As shown in Figure 2.6, the design of BART integrates the advantages 

of BERT and GPT and is implemented through a denoising autoencoder structure. 
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Figure 2.6: The working principles of BART's encoder and decoder. Source: Lewis et al. (2019). 

The encoder of BART is built on a bidirectional Transformer, similar to the design of BERT (Devlin et al. 

2018). This means that each token can focus on all the other tokens in the input sequence. 

Like BERT, the encoder is trained on corrupted text to learn contextual representations, but BART goes further 

by using a wider set of noise functions. For instance, beyond simple token masking and shuffling sentences, 

BART also uses text infilling, where stretches of text are replaced with a single <mask> token (Lewis et al. 

2019). This makes the reconstruction task harder and provides a closer approximation to real-world noise in 

text. 

In pretraining, BART is trained to recover the original text from inputs that have been deliberately corrupted 

by the encoder, for instance, filling in spans removed during text infilling or reordering sentences that have 

been shuffled. 

Both BART and GPT decode text from left to right. However, BART includes a cross-attention layer than 

GPT. GPT builds only one decoder and has no encoder input, while BART enables the decoder to obtain 

information from the encoder (Lewis et al. 2019). This difference means that BART is usually more universal 

in sequence-to-sequence applications such as summarization and translation, as it combines smooth generation 

with global context awareness. 

Although PLMs have learned some general rules in languages, they often perform poorly on specialized tasks 

without additional adjustments. For instance, in translation tasks, they might merely continue to expand the 

text based on the user's input rather than generate a translation. In classification tasks, they may not be able to 

generate clear labels. This issue is more prominent in small models because they often lack some capabilities 

that are only found in large models, such as reasoning or understanding complex instructions (Kaplan et al. 

2020; Wei et al. 2022). To mitigate the impact of such issues, an increasing number of researchers have begun 

to adopt a training strategy known as fine-tuning, which enables PLMs to optimize on labeled data in specific 

domains to achieve stronger performance (Devlin et al. 2018; Zhang et al. 2025). 

2.3.6. Large Language Models 

Large language models (LLMs) can be regarded as very large PLMs, and LLMs typically have more than one 

billion parameters (Zhao et al. 2023). They were trained with more parameters and a wider range of text data. 
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In practice, models like LLaMA-2-7B (7B parameters) and Qwen-7B (Alibaba 2023) are regarded as LLMs, 

while smaller models, BERT (Devlin et al. 2018) often performs well only on more specific tasks (Touvron et 

al. 2023). 

One of the reasons why ultra-large-scale PLMs, so-called LLMs, are popular is that once a PLMs reaches a 

certain data scale, the model will start to demonstrate capabilities that have never appeared before. Examples 

include reasoning about problems step by step or learning to follow context instructions, which is also the 

ability required for modern NLP applications (Kaplan et al. 2020). These capabilities are basically non-existent 

in smaller PLMs, but they enable LLMs to handle tasks that they have never been trained on specific data. 

2.4. Decoding Strategies 

In NLG, the language model generates the probability distribution of possible next tokens instead of directly 

generating text. To convert the probabilities of these tokens into coherent sentences, a decoding strategy is 

required. The choice of strategy directly affects the fluency, diversity and accuracy of the generated sentences. 

Greedy decoding (Wiher et al. 2022) is one of the simplest decoding strategies in NLG. At each step of 

decoding, the decoder selects the token with the highest probability as the next output, which ensures 

efficiency and determinism, but may cause the decoder to only obtain local optimal solutions, such as 

repetitive phrasing or early stopping. This issue led to the birth of beam search. 

 

Figure 2.7: Example of Greedy Decoding. The model first selects candidate A(0.6), and then candidate D(0.3), with a 

sequence probability of 0.6 × 0.3 = 0.018. This indicates that greedy decoding always selects the element with the highest 

current score, which may cause the decoder to miss a better sequence. 

Beam search (Wu et al. 2016)  is a heuristic decoding strategy that can select multiple candidate elements 

and finally retain the sequence with the highest cumulative probability score. It usually produces output that 

is more in line with the context than greedy decoding. Therefore, in NLG, beam search is widely adopted as 
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a standard decoding method. 

 

Figure 2.8: Example of Beam Search. In the case of K = 2, beam search will calculate two sequences simultaneously. The 

algorithm first selects the first two candidate points (a = 0.6 and B = 0.5) for cumulative calculation of the probability 

score. Ultimately, the best route B→D (with A probability of 0.025) is chosen, which is superior to the greedy path A→D 

(with a probability of 0.018). 

2.5. Fine-tuning 

Fine-tuning updates the parameters of the PLMs to enable it to handle specific tasks better while retaining the 

universality obtained during pre-training (Howard and Ruder 2018; Qiu et al. 2020). fine-tuning usually only 

requires minor architectural adjustments and can effectively enable PLMs to learn to handle tasks such as text 

classification, sentiment analysis, and question answering 

For example, models like BART can be fine-tuned by updating the parameters of the model to classify product 

reviews as positive or negative emotions (Lewis et al. 2019) In fact, fine-tuning involves adjusting the pre-

training weights of models so that they better match specific tasks. Furthermore, since BART is pre-trained 

using noise functions such as sentence arrangement and text filling, this enables it to fine-tune the model well 

and achieve specific functions even when the labeled data is limited. 
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Figure 2.9: A fine-tuned BART classifier. 

Figure 2.9 illustrates the fine-tuning process of BART for a text classification task. The input sentence is first 

processed by the bidirectional encoder, which generates contextual embeddings for each token. These 

embeddings, along with a special start-of-sequence token (< ݏ >), are fed into the autoregressive decoder. 

The decoder uses both the encoder outputs and previously generated tokens to produce hidden states. For 

classification, the hidden state corresponding to the < ݏ > token is passed to a classification head, which 

outputs the predicted label (e.g., Politics). During training, the true label is used to compute the loss and update 

the model parameters. 

By leveraging the general-purpose knowledge obtained during pretraining, PLMs can be rapidly customized 

to meet the specific linguistic patterns and requirements of various applications. 

2.5.1. LoRA Fine-tuning 

Attention mechanisms allow models to compute the relevance of each token in relation to others, enabling 

them to capture contextual and long-range dependencies. LoRA improves the efficiency of this process by 

introducing trainable low-rank matrices into the attention layers while keeping the original weights frozen. 

This significantly reduces the number of parameters that need to be updated, lowering memory usage and 

computation cost, while maintaining the model’s ability to represent complex dependencies (Hu et al. 2021). 

In practice, LoRA modules are inserted into both self-attention and cross-attention layers of the encoder–

decoder architecture. During training, only these additional low-rank parameters are optimized, while the 

original model weights remain unchanged. After fine-tuning, the LoRA parameters can be merged with the 

base model, enabling efficient deployment without increasing inference complexity. 

LoRA injects trainable low-rank matrices into the attention weights as follows: 
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Δ� = ܣ · ,ܤ ܣ  ∈ ܴௗ×� , ܤ  ∈ ܴ�×௞, ݎ  ≪ ݉�nሺ݀, ݇ሻ ሺʹ.ͳሻ 

where �� is the LoRA-induced weight update, and ܣ and ܤ are learnable matrices of much lower rank ݎ, inserted into frozen attention projections. 

 

Figure 2.10: An example illustrating the mathematical principle of LoRA. The figure shows an attention weight matrix of 

size 1024×1024, which would require over 1 million parameters if fully fine-tuned. In contrast, LoRA with a rank of 8 

introduces only 16,384 trainable parameters (≈1.56% of the original size). This dramatic reduction highlights the 

efficiency of LoRA in low-resource or large-scale settings. 

Beyond the general principle of low-rank decomposition, LoRA introduces several configuration parameters 

that control its efficiency. The rank (r) refers to the dimensionality of the low-rank matrices, which determines 

how much information can be represented by the decomposition; higher ranks capture more detail but also 

increase the number of parameters. The scaling factor (α) is a multiplicative coefficient applied to the low-

rank updates, regulating the magnitude of the parameter changes during training. The dropout rate specifies 

the probability of randomly deactivating some units during training, which helps prevent overfitting and 

improves generalization. Compared to full fine-tuning, this design reduces memory and computation costs by 

updating only a small fraction of parameters while maintaining performance close to that of the original model.  

This advantage makes LoRA particularly suitable for large-scale or resource-constrained scenarios (Hu et al. 

2021; Dettmers et al. 2023). 

2.6. Zero-shot and Few-shot learning 

LLMs are highly effective in zero-shot learning. They can directly perform tasks from human language 

instructions without the need for examples of other specific tasks. This is achieved through prompts, where 

the model is guided by instructions expressed in human language. In contrast, a small number of task-specific 

examples are applied to prompts as input for few-shot learning, which enables the model to better learn how 

to handle specific tasks. For example, by presenting only a small number of labeled classification or question-
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answering instances to the model, it can perform classification tasks and question-answering tasks, and the 

output effect is usually better than that of zero-shot learning (Brown et al. 2020). 

 

Figure 2.11: Instructions for zero-shot and few-shot learning. In zero-shot learning (1), the model only receives 
instructions (" classify the sentiment of the sentence as positive or negative ") and directly predicts the output of the given 

input. In the few-shot learning (2), the instructions contain a few examples of tags, which will make the model clearer 
about what kind of output the user needs. 

Zero-shot and few-shot learning are effective because of prompts: The training objective of LLMs is to 

conduct token prediction on large and diverse corpora, which enables the model to flexibly apply language 

rules to different tasks and understand human language instructions as specific task descriptions. Therefore, 

they can flexibly apply this knowledge to invisible tasks without the need for extensive retraining, whether 

purely guided by instructions (zero-shot learning) or supported by some labeled examples (few-shot learning). 

Therefore, these models have given rise to many practical applications and have been widely proven in 

systems such as LLaMA-2 (Meta), Qwen (Alibaba), GPT-3/4 (OpenAI), and PaLM-2 (Google) (Brown et al. 

2020; Alibaba 2023; Touvron et al. 2023; Zhang et al. 2023). 

2.7. Text Summarization 

Text summarization refers to the process of compressing a longer text into a shorter one while retaining key 

information. The main objective is to highlight the most prominent content in a coherent and grammatically 

correct form (Nenkova and McKeown 2012). Text summarization methods are usually divided into extractive 

methods and abstractive methods. extractive methods select and reorganize important words from the original 

text, while abstractive summarization methods generate new sentences. Interpret the content in a way closer 

to human (See et al. 2017; Zhang et al. 2019). Advances in machine learning, especially neural architectures 

like Transformer, have significantly improved the performance of abstract summaries by enabling models to 



15 

capture remote dependencies and semantic consistency (Vaswani et al. 2017; Lewis et al. 2019). Large 

language models (LLMs) further expand this functionality: With prompts, they can perform summaries in 

zero-shot learning or few-shot learning without specific task training, making them highly adaptive across 

domains (Brown et al. 2020). 

The essence of text summarization lies in converting detailed input into concise output that retains key 

meanings, as shown in Figure 2.12. 

 

Figure 2.12: How does a summary device work. It takes a long and detailed text paragraph (for example, " A young boy 
spent the afternoon playing in the park, running across the grass, climbing on the playground, and laughing as he chased 
after a ball") as input and outputs a shorter and more concise text (for example, " Boy enjoys an afternoon of play in the 

park") to the user, reducing the sentence length while retaining key semantic information. 

2.7.1. Abstractive Summarization 

Abstractive summarization involves generating new sentences to express the core ideas of the source text 

instead of copying and reordering existing words (Voita 2020). Abstractive summarization is very similar to 

human summarization behavior and requires efficient modeling of semantic representation and fluent 

generation (Shakil et al. 2024). 

Early abstractive summarizers were based on the RNNs structure (Sutskever et al. 2014), in which the encoder 

network processed the input text into a fixed representation and the decoder generated the output sequence. 

However, these models have limitations in handling remote dependencies. With the emergence of abstractive 

summarizers based on the Transformer architecture, such as BART (Lewis et al. 2019), summarizers have 

significantly improved performance by leveraging pre-training and fine-tuning on large-scale datasets. 

2.8. Key Technical Foundations 

Due to the huge data scale of LLMs and the large amount of computing resources required for long sequence 

training (Shoeybi et al. 2019; Narayanan et al. 2021), parallelization strategies (such as multi-GPU computing 

and multi-processing) are widely used to distribute workloads across devices. These techniques can make 

more efficient use of hardware, complete large-scale reasoning and evaluation with long prompts or multiple 

Settings within a limited time, while maintaining scalability and repeatability (Sergeev and Del Balso 2018; 

Paszke et al. 2019; Korthikanti et al. 2022). 
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The UMAP dimensionality reduction method is widely used to observe the differences and similarities 

between data. This technology projects high-dimensional representations into low-dimensional Spaces, 

enabling researchers to visually observe the relationship between data visualization and semantic information 

(McInnes et al. 2018). 

2.9. Evaluation Metrics for Summarization 

The performance of text summaries is typically evaluated using the following indicators: 

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) (Lin 2004) is used to evaluate the quality 

of the generated abstract by comparing it with the references. ROUGE-1/2/N is used to detect the number of 

overlaps of n-grams, and ROUGE-L detects the longest common subsequence. 

ROUGE-1 calculates the number of overlapping individual words between the generated digest and the 

reference digest, representing the proportion of matching single-word units. 

ROUGE-2 measures the overlap of bigrams between the generated summary and the reference summary, 

reflecting the proportion of matching two-word sequences. 

ROUGE-1, ROUGE-2 and, more generally, ROUGE-N will calculate three values: Precision, Recall and F1-

score: �݊݋�ݏ�ܿ݁ݎሺோை௎��−ேሻ = ሺ݊ݐ݊ݑ݋ܥ − ሺ݊ݐ݊ݑ݋ܥሻݕݎܽ݉݉ݑݏ ݁ܿ݊݁ݎ݂݁݁ݎ ݀݊ܽ ݀݁ݐܽݎ݁݊݁݃ ℎݐ݋ܾ ݊� ݏ݉ܽݎ݃ − ሻݕݎܽ݉݉ݑݏ ݀݁ݐܽݎ݁݊݁݃ ݊� ݏ݉ܽݎ݃ ሺʹ.ʹሻ 

ܴ݈݈݁ܿܽሺோை௎��−ேሻ = ሺ݊ݐ݊ݑ݋ܥ − ሺ݊ݐ݊ݑ݋ܥሻݕݎܽ݉݉ݑݏ ݁ܿ݊݁ݎ݂݁݁ݎ ݀݊ܽ ݀݁ݐܽݎ݁݊݁݃ ℎݐ݋ܾ ݊� ݏ݉ܽݎ݃ − ሻݕݎܽ݉݉ݑݏ ݁ܿ݊݁ݎ݂݁݁ݎ ݊� ݏ݉ܽݎ݃ ሺʹ.͵ሻ 

ͳሺோை௎��−ேሻܨ = ʹ × ሺோை௎��−ேሻ݊݋�ݏ�ܿ݁ݎ� × ܴ݈݈݁ܿܽሺோை௎��−ேሻ�݊݋�ݏ�ܿ݁ݎሺோை௎��−ேሻ + ܴ݈݈݁ܿܽሺோை௎��−ேሻ ሺʹ.Ͷሻ 

ROUGE-L also measures the same three metrics described above, but it uses a different calculation method, 

ROUGE-L measures the longest common subsequence (LCS) between the generated summary and the 

reference summary, capturing sentence-level structure similarity. Here are more details: �݊݋�ݏ�ܿ݁ݎሺோை௎��−�ሻ = ݕݎܽ݉݉ݑݏ ݀݁ݐܽݎ݁݊݁݃ ݂݋ ℎݐ݃݊݁�ݏ݁�ݎܽ݉݉ݑݏ ݁ܿ݊݁ݎ݂݁݁ݎ ݀݊ܽ ݀݁ݐܽݎ݁݊݁݃ ݊݁݁ݓݐܾ݁ ℎݐ݈݃݊݁ ܵܥ�  ሺʹ.ͷሻ 

ܴ݈݈݁ܿܽሺோை௎��−�ሻ = ݕݎܽ݉݉ݑݏ ݁ܿ݊݁ݎ݂݁݁ݎ ݂݋ ℎݐ݃݊݁�ݏ݁�ݎܽ݉݉ݑݏ ݁ܿ݊݁ݎ݂݁݁ݎ ݀݊ܽ ݀݁ݐܽݎ݁݊݁݃ ݊݁݁ݓݐܾ݁ ℎݐ݈݃݊݁ ܵܥ�  ሺʹ.͸ሻ 

ͳሺோை௎��−�ሻܨ = ʹ × ሺோை௎��−�ሻ݊݋�ݏ�ܿ݁ݎ� × ܴ݈݈݁ܿܽሺோை௎��−�ሻ�݊݋�ݏ�ܿ݁ݎሺோை௎��−�ሻ + ܴ݈݈݁ܿܽሺோை௎��−�ሻ ሺʹ.͹ሻ 

ROUGE-1, ROUGE-2, ROUGE-L F1 scores will be reported, all ROUGE scores in this experiment are all 
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calculated using F1-score, this choice balances information coverage (recall) and relevance (precision), 

avoiding bias towards overly long or overly short summaries, and is consistent with common practice in 

summarisation research (Lin 2004). 

While traditional metrics such as ROUGE effectively measure lexical overlap and structural similarity 

between generated and reference summaries, they are limited in evaluating factual consistency. To address 

this limitation, FactCC (Kryściński et al. 2019)is introduced, a factual consistency classifier designed to detect 

hallucinations and factual errors in model-generated summaries. 

FactCC determines whether the content of a generated summary is factually supported by the source document, 

making it particularly suitable for abstractive summarization tasks that require alignment with source 

information. It is implemented as a binary classification model based on BERT, classifying each (source, 

summary) pair as either factually consistent (label = 1) or inconsistent (label = 0). The final FactCC score 

reflects the percentage of summaries classified as factually consistent. ܥܥݐܿܽܨሺܵ, ሻܩ = ,ሺܵݎ݁�݂�ݏݏ݈ܽܥ ሻܩ → ݕ ∈ Ͳ,ͳ ሺʹ.ͺሻ 

In the above formula, ܵ represents the source text, ܩ represents the generated summary. ݕ = ͳ denotes the 

summary is factually consistent with the source, ݕ = Ͳ indicates a factual inconsistency. 

The final FactCC accuracy is computed as: 

ܥܥݐܿܽܨ − ,ሺܵݕܿܽݎݑܿܿܣ ሻܩ = ͳ� ሺܥܥݐܿܽܨ]∑ ௜ܵ, ௜ሻܩ = ͳ]ே
௜=1 ሺʹ.ͻሻ 

This experiment uses the above formula to calculate the value of FactCC, � represents the i-th text sample, � represents the total number of texts that need to be summarized, ∑ ሺܥܥݐܿܽܨ] ௜ܵ, ௜ሻܩ = ͳ]ே௜=1  represents the 

number of summaries labeled as 1 after FactCC classification. 

BERTScore (Zhang et al. 2019) leverages contextual embeddings from pre-trained BERT models and aligns 

tokens based on cosine similarity, enabling a more meaning-aware comparison. In this study, the BERTScore-

F1 score is reported. 

In the following equations, ݃௜ denotes the contextual embedding of the i-th token in the generated summary. ݎ௝ denotes the contextual embedding of the j-th token in the reference summary. ܿݏ݋ − ,௜݃)݉�ݏ ݏ݋ܿ ௝)  andݎ − ௝ݎ)݉�ݏ , ݃௜) represents the cosine similarity between the two token embeddings. 

ሺ��ோ்ௌ௖��௘ሻ݊݋�ݏ�ܿ݁ݎ� = ͳ݊ ∑ ௝ݔܽ݉ ݏ݋ܿ − ,௜݃)݉�ݏ ௝)ேݎ
௜=1 ሺʹ.ͳͲሻ 
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ܴ݈݈݁ܿܽሺ��ோ்ௌ௖��௘ሻ = ͳ݊ ∑ ௜ݔܽ݉ ݏ݋ܿ − ,௝ݎ)݉�ݏ ݃௜)ே
௝=1 ሺʹ.ͳͳሻ 

ͳሺ��ோ்ௌ௖��௘ሻܨ = ʹ × ሺ��ோ்ௌ௖��௘ሻ݊݋�ݏ�ܿ݁ݎ� × ܴ݈݈݁ܿܽሺ��ோ்ௌ௖��௘ሻ�݊݋�ݏ�ܿ݁ݎሺ��ோ்ௌ௖��௘ሻ + ܴ݈݈݁ܿܽሺ��ோ்ௌ௖��௘ሻ ሺʹ.ͳʹሻ 

BERTScore-F1 measures the semantic similarity between generated and reference summaries by computing 

token-level cosine similarity using contextual embeddings from a pre-trained BERT model. The F1 score 

combines precision and recall, making it suitable for evaluating the quality of abstractive summarization. 

Semantic fidelity is more important than N-gram in calculating the number of overlapping words. 

These metrics measure different aspects of the quality of text summaries. They complement each other by 

covering lexical overlap, factual consistency and semantic similarity, providing a more reliable assessment 

than relying on a single criterion. 

This chapter mainly explains the key concepts that support technologies such as natural language processing 

and large language models. It introduces the basic principles of machine learning, natural language 

understanding and generation, as well as the decoding strategies for converting probability distributions into 

coherent text. The methods of text summarization were discussed, with a focus on the comparison between 

extraction and abstraction methods. This chapter also emphasizes the necessary technical foundations, 

including parallel computing and dimensionality reduction, which support the effective training and evaluation 

of large-scale models. Finally, it explains some metrics applied to detect the quality of text summaries. 
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3. Methodology 

This chapter outlines the methodology of our abstractive summarization system, including task definition and 

scope, dataset preparation, model architecture with LoRA-based fine-tuning and length control, and the 

training strategy. 

3.1. Task Definition 

In this work, we build an abstractive summarization model based on BART (Lewis et al. 2019) that takes a 

full-length news article as input and outputs a concise, human-like summary that captures the core information. 

Abstractive summarization generates novel sentences that paraphrase the original content (See et al. 2017). 

To achieve this, we fine-tune the model on the large-scale NEWSROOM dataset (Grusky et al. 2018). 

Figure 3.1 demonstrates the summary pipeline. The key idea is that fine-tuning makes the text summaries 

generated by the model similar to those written by humans. 

 

Figure 3.1: A pipeline for text summarization. The pre-trained language model (PLM) fine-tunes the reference summary 

to adapt it to the summary task. Then, the fine-tuned model acts as an abstractive summarizer, taking the original text as 

input and generating a concise summary as output. 

3.2. Data 

The NEWSROOM dataset (Grusky et al. 2018) was selected for its large scale, diversity, and suitability for 

document-level abstractive summarization. It contains over 1.3 million English article–summary pairs 

collected from 38 news outlets between 1998 and 2017. 

Every sample is stored in JSON format and contains fields such as article text, a manually written summary, 

and the ‘density_bin’ tag (see Table 3.1). The ‘density_bin’ field indicates the summary type (for example, 

"extractive" or "abstractive"). In this work, we only retain the "abstractive" instance for fine-tuning. 
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Attribute Name Description Example 

text Full news article text "..." 

summary Human-written summary "..." 

density_bin Summary type indicator 
(extractive/abstractive) 

"abstractive" 

Table 3.1: Relevant fields used from the NEWSROOM dataset. 

The abstractive subset of the NEWSROOM dataset was specifically selected for fine-tuning. Abstractive 

summaries involve paraphrasing and rephrasing, requiring the model to generate novel expressions rather than 

copying text spans from the source. This property aligns more closely with the abstractive summarization 

objective of this study, where the goal is to train models capable of producing concise, semantically faithful, 

and human-like summaries beyond simple extraction. Restricting training to abstractive instances enables the 

model to learn abstractive summarization more effectively, focusing on generating coherent and semantically 

faithful summaries rather than merely reproducing source text. 

3.3. Model 

BART-large was used as the base model, given its encoder–decoder architecture well-suited for abstractive 

summarization. To adapt it to the Newsroom dataset under limited resources, the model was fine-tuned using 

Low-Rank Adaptation (LoRA) rather than updating all pretrained parameters. LoRA decomposes weight 

updates into low-rank matrices, so that only a small number of additional parameters need to be trained. This 

method reduces memory and computing costs while achieving performance similar to that of methods without 

LoRA fine-tuning. 

In this work, The LoRA is set to rank ݎ = ͺ, the scale factor � = ͵ʹ (effective ratio �/ݎ = Ͷ), dropout 0.1, 

and the bias term is not updated. This modification enables the model to retain the semantic structure learned 

during pre-training while learning how to perform summary tasks. After training, the LoRA weights are 

merged back into the basic parameters, thereby generating a unified checkpoint for inference without the need 

for an external adapter. 

3.4. Training Strategy 

The optimization methods, key hyperparameters and resume mechanism are introduced in this section to 

ensure efficient and reliable model training. 
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3.4.1. Optimizer and Loss Function 

This model is optimized using the AdamW optimizer, which is a variant of the Adam optimizer and can decoub 

weight decay from gradiention-based updates (Loshchilov and Hutter 2017).This helps to stabilize training by 

preventing excessive growth of the weight norm, which is important for large pre-trained models like BART. 

A linear learning rate scheduler with warm-up was applied to facilitate gradual adaptation during the early 

training phase and prevent deviation (Goyal et al. 2017). 

The objective function used is cross-entropy loss, which can predict the difference between the token 

distribution and the summary of basic facts. To prevent the model from being penalized due to the padding 

token introduced during the preprocessing, the loss calculation ignores the positions marked with special 

indexes (Mikolov et al. 2010). This enables the model to focus only on meaningful sequence positions during 

the training process. 

By combining a stable optimizer, planned learning rate adjustment, and mark-aware loss masking, the training 

setup ensures convergence and maintains consistency between the generated summaries and target references. 

3.4.2. Training Hyperparameters 

To ensure that the fine-tuning can be carried out stably, the training process adopted resource recognition 

configuration. Gradient accumulation is used to simulate the effect of larger batch-size and promote smoother 

optimization while maintaining the GPU memory limit (You et al. 2017). 

The learning rate is maintained at a low level to avoid destabilizing the pre-training weights, which is also to 

give full play to the role of LoRA (Hu et al. 2021). Introducing warm-up at the beginning of training allows 

the model to gradually adapt and reduces the risk of sharp peak loss in early iterations (Goyal et al. 2017). 

Early stopping based on validation loss helps to limit overfitting and unnecessary computations (Prechelt 

1998). Weight decay is also applied to encourage generalization by preventing excessive growth of parameter 

values (Loshchilov and Hutter 2017). 

Together, these hyperparameter choices reflect a careful balance between efficiency and stability, tailored for 

adapter-based fine-tuning in constrained environments. 

3.4.3. Resume Mechanism 

Resume mechanism logic is implemented by checking the presence of previously saved checkpoints. If 

checkpoints exist, the script automatically identifies the latest epoch (based on folder names like epoch_3, 

epoch_4, etc.) and loads the model, optimizer, scheduler, and other training states from that checkpoint using 
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the Accelerator.load_state() method. Training then resumes from the next epoch. If no checkpoints are found, 

training begins from the pre-trained base model at epoch 0. 

 

Figure 3.2: Automatic resume logic based on checkpoint detection and recovery. Before training begins, the script checks 

for existing checkpoints. If available, the most recent epoch is identified and training resumes from the next one; 

otherwise, the pre-trained model is loaded and training starts from epoch 0. This mechanism ensures efficient recovery 

from interruptions and avoids redundant computation. 

3.4.4. Parallelization Strategy 

To efficiently handle the computational demands of fine-tuning large models, the training pipeline was 

parallelized using the Hugging Face Accelerate framework. 

 

Figure 3.3: Overview of the parallel training pipeline. Mini-batch samples are processed across multiple GPUs under 

mixed precision with Hugging Face Accelerate. Gradients are synchronized and combined through accumulated updates, 

and the updated parameters are optimized using AdamW. 
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This parallel training strategy leverages multi-GPU distribution, mixed precision, and gradient accumulation 

to improve efficiency. By reducing memory consumption and wall-clock time, it enables stable optimization 

even under limited computational resources. Moreover, the combination of distributed processing and 

synchronized updates ensures that the training remains scalable, reproducible, and adaptable without requiring 

major changes to the core implementation. 

3.5. Interface Layout and Functionalities 

The user interface of the summarization system is implemented using Gradio (Abid et al. 2019), offering an 

intuitive and interactive layout. As shown in Figure 3.4. the interface consists of four main functional areas: 

 

Figure 3.4: The generated interface of the summarization system. It includes a model selection panel, an article input 

section, a summary length control slider, and an output display area. 

Model Selection Panel (left side): Users can switch between multiple summarization models, including fine-

tuned and pre-trained baselines (e.g., BART LoRA, BART-CNN, Bert2Bert, Qwen-3B in zero-shot and few-

shot modes). Each model is clearly labeled and selectable via radio buttons. 

Article Input Section (top right): This text area allows users to input the source document for summarization.   

It supports multi-sentence entries and is intended for paragraph-level content. 

Summary Length Control: The slider on the UI interface enables users to set the maximum word length of 

the text summary. 



24 

Output Area (bottom right): Once the Summary process is triggered by the "Generate Summary" button, the 

generated text summary will appear in the blank box at the lower right. 

Under the model selection, there are more options available, such as the name of the loaded model, GPU 

device, tokens limit, and precision Settings, which helps to debugging and comparison. 

The interface design of this work prioritizes user convenience, clarity, responsiveness and minimum 

configuration, making it suitable for both ordinary users and researchers to compare the summary performance 

of different models. 

To ensure stable and informative summary generation, the interface integrates several decoding constraints 

beyond the default model behavior. These include setting minimum and maximum output lengths to avoid 

overly short or verbose summaries, enforcing n-gram repetition suppression to reduce redundancy, applying a 

length penalty to balance brevity and informativeness, and employing beam search to enhance output diversity 

and quality. These configurations are fixed across models to maintain evaluation consistency. Together, such 

constraints improve the clarity, factuality, and comparability of generated summaries. 

3.5.1. Summary Length Control 

The length of the text summary is managed through a structured process that begins with an input length check 

to ensure that the requested summary length does not exceed the source text. If the requested length is greater 

than or equal to the input, the original text will be returned directly. Otherwise, two-stage control should be 

applied during the generation process. Once the length specified by the user is reached, it should be stopped 

in real time, and then post-generation pruning should be carried out when necessary. This combination method 

ensures that the summary meets the user-defined length while maintaining readability and sentence integrity. 

As shown in Figure 3.5, the system controls the generation of tokens for each decoding step. Once the number 

of generated words reaches the user-defined length, the process checks whether the text ends with proper 

punctuation and does not terminate in an abbreviation (e.g., U.S., Mr.). If these conditions are satisfied, 

generation stops immediately. This prevents the model from exceeding the desired length and ensures that the 

output halts at a natural sentence boundary rather than cutting mid-sentence. 



25 

 

Figure 3.5: Flowchart of real-time summary length control during generation. It shows the overall logic for monitoring 

generated content and applying post-processing to ensure that the output stops at a natural sentence boundary. 

To further guarantee compliance with the specified word limit, a post-processing strategy is employed after 

text generation. As illustrated in Figure 3.6, rather than directly truncating the output, the system first attempts 

a soft trimming step to preserve semantic completeness, ensuring that summaries end at a natural sentence 

boundary whenever possible. If no valid endpoint is detected, hard trimming is applied to strictly enforce the 

word constraint. By combining these two approaches, the system balances readability and grammatical 

correctness with precise length control. 
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Figure 3.6: Flowchart of post-generation trimming for length alignment. It outlines the two-stage process that combines 

soft trimming, which seeks a valid sentence boundary near the word limit, with hard trimming, which strictly enforces the 

specified length if needed. 

For the two steps described above, the following example is provided: 

consider a user who requests a summary of 30 words for a news article containing 50 words. Before generation 

begins, the system automatically checks the input length to ensure that the requested summary length does not 

exceed the source text length. In this case, 30 words is valid, so generation proceeds. 

During text generation, the system monitors the word count in real time. Once approximately 30 words are 

produced and the output ends with a complete sentence (e.g., “…the policy was officially announced. ”), 

generation is stopped immediately. This satisfies both the length and coherence requirements without further 

adjustment. 

However, if the generated text slightly exceeds the limit (e.g., 35 words, ending with “…the policy was 

officially announced yesterday in the capital city. ”), the post-generation trimming stage is applied. The system 

first searches for the nearest valid sentence boundary within a small margin beyond the limit. If such a 
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boundary is found, the summary is softly trimmed at that point. If no suitable sentence-ending mark is 

identified, the text is cut exactly at the 30-word position and a period is appended. 

Through this process, the final output is guaranteed not to exceed the source length, while also remaining 

concise, coherent, and consistent with the user’s specified word limit. 

3.5.2. Inference Workflow 

Figure 3.7 illustrates the inference workflow of the summarization system. The workflow differentiates 

between Seq2Seq (e.g., BART, BERT2BERT) and causal architectures (e.g., Qwen), applying decoding 

strategies suited to each. Seq2Seq models employ beam search to enhance quality and diversity, whereas 

causal models use greedy decoding combined with custom stop criteria to ensure precise length control. In 

both cases, inference is bound by the user-specified summary length and refined through trimming 

mechanisms, ensuring readability and grammatical completeness. This workflow enables consistent 

evaluation across models with distinct generative behaviors. 

 

Figure 3.7: Workflow of the summary generation process, showing input validation, model selection, decoding, and 

length adjustment for Seq2Seq and causal models. 
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3.6. Example 

Figure 3.8 presents an example of input and output. The input describes a short passage, while the output is 

generated by the fine-tuned BART model, which paraphrases the original sentence. 

 

Figure 3.8: Example of input and output in the summarization system. The input is a short text describing a cat, and the output 

shows the generated summary by the fine-tuned BART model. 
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4. Experiments 

This chapter details the experimental setup, including hardware, training configurations, and evaluation 

procedures. We present BART-large-CNN (Lewis et al. 2019), BERT2BERT (von Platen 2020), BART-large-

NEWSROOM and Qwen3-8B (Alibaba Qwen 2025) then share results and analyze the difference models’ 

performances. 

4.1. Experimental Setup 

We use a server hosted by Cardiff University to conduct the experiments, and its configuration is shown in 

Table 4.1. 

Device Name Version 

GPU 2 × NVIDIA RTX 4090 (dual GPUs)。 

CPU Intel Xeon W7-2495X (24 cores) 

RAM 128 GB 

Storage  4 TB SSD 

Table 4.1: Experimental environment. 

All experiments were conducted in a Linux-based environment, accessed via SSH. The implementation was 

built on the Hugging Face Transformers library, with supporting tools including Datasets, Evaluate, and PEFT.  

Model training and evaluation were performed using PyTorch 2.8.0 and Python 3.10. All models were 

executed under the same standardized hardware and software environment to ensure fair comparison. 

4.1.1. Hyperparameters 

The BART model was fine-tuned on the abstractive samples of the NEWSROOM dataset. The hyperparameter 

configuration is shown in Table 4.2. The per-GPU batch size was set to 4 to accommodate memory limitations 

on consumer-grade hardware. To simulate a larger effective batch size and ensure stable updates, gradient 

accumulation was applied with a step size of 8. A conservative learning rate of 3e-5 was chosen to maintain 

stability during LoRA-based fine-tuning. Warm-up over the first 500 steps helped avoid loss spikes at the 

beginning of training. The optimizer used was AdamW, which has shown strong performance on transformer-

based models. A small weight decay (0.01) was applied to prevent overfitting, and training was capped at 10 

epochs. Early stopping with a patience of 3 was used to halt training when validation loss ceased to improve, 

ensuring computational efficiency and model generalization. 
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Hyperparameter Value 

Batch size (per GPU) 4 

Gradient accumulation 8 

Learning rate 3e-5 

Warmup steps 500 

Optimizer AdamW 

Weight decay 0.01 

Epochs 10 

Early stopping Patience=3 

Table 4.2: Hyperparameters setup. 

4.1.2. Training Pipeline 

The experimental pipeline (Figure 4.1) begins with data preprocessing, where samples from the NEWSROOM 

dataset are filtered to retain only abstractive instances. This ensures that training and validation remain 

consistent with the abstractive summarization objective. Each sample is tokenized with a maximum source 

length of 1,024 tokens and a target length of 128 tokens, with padding tokens masked by the index -100 to 

exclude them from the loss calculation. 

 

Figure 4.1: Overview of the fine-tuning pipeline for the BART model. It illustrates the workflow from data preprocessing to 

checkpoint management and iterative training, leading to a fine-tuned summarization model. 

Before training starts, the system checks for existing checkpoints. If available, training resumes from the most 

recent state using accelerator.load_state(), restoring model, optimizer, and scheduler parameters. Otherwise, 

training initializes from the pre-trained BART-large model with LoRA adapters applied. This resume 

mechanism reduces redundancy, improves computational efficiency, and ensures robustness against 

interruptions. 

The training loop incorporates gradient accumulation to simulate large-batch training under limited memory. 
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Each forward and backward pass is executed locally on the assigned GPU, while gradient synchronization 

across devices occurs only when accelerator.sync_gradients becomes true at the end of an accumulation cycle. 

Optimizer and scheduler updates are then applied, yielding an effective batch size computed as: ܿݐܽܤℎ = ℎܿݐܽܤ݁ܿ�ݒ݁ܦݎ݁� × ݏ݌݁ݐܵ݉ݑܿܿܣ × ݏ��ܩ݉ݑ� = Ͷ × ͺ × � ሺͶ.ͳሻ 

Training with data parallelism was implemented using the Hugging Face Accelerate framework, which wraps 

the model, optimizer, and data loaders via accelerator.prepare(). This setup distributes mini-batch shards across 

multiple GPUs, enabling mixed-precision execution and reducing memory consumption. Gradient 

accumulation was combined with distributed synchronization to balance GPU memory constraints with the 

need for stable parameter updates, ensuring scalability without requiring modifications to the core 

implementation. 

After each epoch, performance is evaluated on the validation set, with early stopping triggered if no 

improvement is observed over three consecutive epochs. Checkpoints are saved with accelerator.save_state() 

at the end of every epoch to preserve progress and enable reproducibility. Finally, after training, LoRA adapter 

weights are merged into the base BART-large model via merge_and_unload(), producing a compact inference-

ready model. This configuration reduces wall-clock time while maintaining consistency and reproducibility 

across multi-GPU runs. 

4.1.3. Prompt Design 

This section presents the prompt design used in the LLM experiments. In this work, the only large language 

model evaluated through prompting is Qwen3-8B (Alibaba Qwen 2025), which will be described in Section 

4.2. Since it is not fine-tuned for summarization, the task is defined through prompts. Two settings are 

considered: zero-shot, where the model receives only an instruction and the target article, and few-shot, where 

the instruction is supplemented with k exemplars to demonstrate the desired summarization style (k ∈ [1, 2, 5, 

8]). 

Each prompt consisted of a fixed instruction, optional exemplars drawn from the abstractive subset of the 

NEWSROOM dataset (Grusky et al. 2018), and a target article from the CNN/DailyMail dataset (Hermann et 

al. 2015), The instruction constrained the model to generate one or two sentences (≤30 words) that are strictly 

factual, avoiding inference or stylistic variation. A sentinel token (###END) was appended to enforce 

termination. To remain within the 2048 token context window, exemplars and articles were truncated 

adaptively at the token level. 
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4.1.4. Parallel Inference for Qwen 

For Qwen3-8B, zero-shot and few-shot summarization was parallelized to efficiently handle the computational 

demands of generating summaries across multiple articles and shot configurations. The implementation first 

inspects available GPUs and their free memory to decide whether to operate in single-GPU or multi-GPU 

mode. 

 

Figure 4.2: Parallel inference workflow for Qwen in zero-shot and few-shot summarization. The diagram provides a high-level 

overview of the process, from input preparation to output collection, showing how tasks are distributed across devices and 

subsequently merged to obtain consistent summaries for evaluation. 

As illustrated in Figure 4.2, the workflow begins with task scheduling, where input articles and their associated 

shot settings are dispatched across available devices. When multiple GPUs are present, each device runs as an 

independent process launched through Python’s multiprocessing module, loading the Qwen model locally and 

executing generation for its assigned subset of data. This design avoids memory contention and ensures that 

GPUs operate independently. 

Within each process, prompts are assembled from NEWSROOM exemplars and CNN/DailyMail target 

articles. Generation is regulated by a stopping criterion at the sentinel token and supplemented with filtering 

mechanisms to block undesirable outputs. Once predictions are produced, they are returned to the main process 
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via queues, where results are merged, reordered to match the article indices, and stored for evaluation. 

By combining multi-GPU distribution with process-level parallelism, this framework supports the selection 

of different shot numbers and simultaneous inference of text. This reduces time consumption while 

maintaining consistent output, making Qwen's large-scale experiments feasible under the constraints of the 

experimental environment and time. 

4.2. Baseline Models 

The three baseline models used as comparison models are as follows: 

BART-large-CNN (Lewis et al. 2019): It consists of a bidirectional encoder for reading the input article and 

a left-to-right decoder for autoregressive summary generation. The encoder captures the context representation 

of the source text, while the decoder generates smooth output based on this information. The CNN version 

refers to the model fine-tuned on the CNN/DailyMail dataset (Hermann et al. 2015), which specifically adjusts 

its parameters for abstractive summarization. This fine-tuning makes it a powerful model in summarization. 

BERT2BERT (von Platen 2020): A Seq2Seq PLM that pairs two BERT-based models as an encoder and a 

decoder. The encoder processes the input article to generate contextualized representations, which are then fed 

into a BERT-based decoder that uses causal masks to achieve autoregressive generation. The model was fine-

tuned on the training segmentation of CNN/DailyMail (Hermann et al. 2015) to keep its parameters consistent 

with the summary task. This fine-tuning enables the abstract summary to retain the core information of the 

source text while maintaining strong performance in terms of factual consistency and robustness. 

Qwen3-8B (Alibaba Qwen 2025): It is an 8-billion-parameter causal language model of the third generation 

of the Qwen3 family. It adopts a dense and hybrid expert architecture and supports the extension of context 

length through YaRN. Pre-trained on a large multilingual corpus covering over 100 languages, it demonstrates 

strong performance in reasoning, instruction following, and general summary tasks, making it a competitive 

model. In this study, Qwen3-8B was applied to summarization through zero-shot and few-shot prompting, 

enabling the model to generate summaries directly from the source text without additional fine-tuning. 

All baseline models were obtained from their official Hugging Face (Hermann et al. 2015) checkpoints and 

evaluated under the same hardware environment described in Section 4.1.1. 

4.3. Evaluation 

To ensure fair and consistent evaluation, all models are tested on the first 100 samples of the CNN/DailyMail 

test set. Using a fixed subset avoids the variance introduced by random sampling, guarantees reproducibility 
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across experiments, and balances practicality with representativeness, as the size is large enough to capture 

general performance trends while remaining computationally manageable for models with high inference cost. 

Performance is evaluated using three complementary metrics including ROUGE, BERTScore and FactCC, 

which are introduced in Section 2.9. Human-written reference summaries, often regarded as gold-standard 

annotations created by professional annotators or dataset curators, serve as the ground truth for evaluation 

because they concisely capture the essential content of the source articles (Hermann et al. 2015). Figure 4.3 

illustrates an example of a source article and its corresponding human-written reference summary, which is 

used in ROUGE-based evaluation. 

 

Figure 4.3: Example of an article and its corresponding human-written reference summary from the NEWSROOM dataset. The 

article provides detailed information about a horse racing event, while the reference summary concisely captures the key point. This 

illustrates how reference summaries serve as ground truth for evaluating system-generated summaries. 

4.4. Results 

The results in Table 4.3 reveal clear trends. Seq2Seq architectures, including BART-large-CNN, BERT2BERT, 

and the NEWSROOM fine-tuned BART model, consistently outperform the causal model (Qwen3-8B zero-

shot), which records the lowest scores across all metrics. Among them, BART-large-CNN achieves the best 

performance overall, with superior ROUGE, FactCC, and BERTScore values. In contrast, the NEWSROOM-

tuned model and BERT2BERT achieve moderate but still competitive results, reinforcing the general 

advantage of encoder–decoder frameworks in abstractive summarization. The observed performance 

differences are not only numerical but also influenced by factors such as dataset alignment, domain shift, and 

model architecture. These reasons are analyzed in detail immediately below and further elaborated in the error 

analysis and ablation studies sections. 
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Model 
Name 

ROUGE-1(F1,%) ROUGE-2(F1,%) ROUGE-L(F1,%) FactCC(%) BERTScore(F1,%) 

BART-large-
CNN 

36.6 16.46 27.87 75.72 86.86 

BART-large-
NEWSROOM 

(My model) 
32.32 13.11 24.52 59.85 85.38 

BERT2BERT 33.6 13.35 24.26 61.16 85.34 

Qwen3-8B 
(zero-shot) 24.64 5.69 18.15 39.21 82.98 

Table 4.3: Performance comparison of summarization models across evaluation metrics. The best scores in each column 

are highlighted in bold, showing that BART-large-CNN consistently achieves superior results 

The differences among models can be explained by their training characteristics. BART-large-CNN achieves 

the best overall performance due to its supervised fine-tuning on the CNN/DailyMail dataset, which directly 

matches the evaluation domain and enables highly optimized results. The BART-large-NEWSROOM model 

performs less strongly on CNN/DM because its fine-tuning is based on the Newsroom dataset, making its 

outputs less aligned with the evaluation corpus. BERT2BERT delivers balanced outcomes, suggesting that 

while its encoder–decoder structure supports generalization, it lacks domain-specific adaptation. In contrast, 

Qwen3-8B zero-shot records the lowest scores, underscoring the limitations of abstractive summarization 

without task-specific fine-tuning. 

A closer look at FactCC highlights a persistent challenge across models. Although BART-large-CNN attains 

the highest factual consistency, overall FactCC values remain relatively low compared to ROUGE and 

BERTScore. This reflects the difficulty of ensuring factual accuracy in abstractive summarization, as models 

often introduce non-existent details, lack explicit factual constraints during training, and are evaluated under 

criteria that prioritize fluency and semantic plausibility over factual precision. 
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Shots ROUGE-1(F1,%) ROUGE-2(F1,%) ROUGE-L(F1,%) FactCC(%) BERTScore(F1,%) 

0 24.64 5.69 18.15 39.21 82.98 

1 24.7 6.19 19.38 29.87 83.21 

2 24.18 6.22 18.8 33.33 83.03 

5 16.26 2.49 12.1 36.36 82.07 

8 16.26 2.49 12.1 36.36 82.07 

Table 4.4: Comparison of Qwen3-8B performance in zero-shot and few-shot settings. The table shows how different shot 

numbers affect lexical overlap (ROUGE), factual consistency (FactCC), and semantic similarity (BERTScore). 

While Table 4.3 compares different summarization models, Table 4.4 examines Qwen3-8B under zero-shot 

and few-shot settings. ROUGE-1/2/L remain stable from zero-shot to 2-shot but decline sharply at 5-shot and 

8-shot, reflecting reduced lexical overlap that may result from context budget limits or reliance on example 

phrasing. FactCC shows a non-monotonic pattern, falling from 39.21 in zero-shot to 29.87 in 1-shot, then 

rising to 36.36 at 5-shot and 8-shot, which suggests that factual consistency improves once the model adapts 

to example use even if early interference reduces accuracy. BERTScore remains consistently high (82–83) 

across conditions, indicating preserved semantic similarity despite variation in ROUGE. Overall, these results 

highlight a trade-off in which more examples improve factual grounding while weakening lexical alignment 

with reference summaries. 

4.5. Error Analysis 

4.5.1. Analysis of Low ROUGE Scores 

In the case shown in Figure 4.4, the BART-large-NEWSROOM model generated a concise summary that is 

semantically consistent with the reference. However, as illustrated by the bigram examples, the reference 

summary contains bigrams such as “the ICC,” “United States,” and “war crimes,” whereas the model 

prediction includes bigrams such as “Palestinian Authority,” “123rd member,” and “Criminal Court.” Since 

none of these bigrams appear in both texts, the overlap count is zero, leading to a ROUGE-2 score of 0 despite 

the semantic adequacy of the generated summary. 
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Figure 4.4: Case study illustrating the lack of bigram overlap between the reference and predicted summaries. Although the 

prediction is factually correct, it fails to capture key contextual details (e.g., ICC jurisdiction and opposition by Israel and the 

United States) present in the reference summary. This highlights the limitation of ROUGE-2, which may underestimate semantic 

adequacy when surface-level n-gram overlap is low. 

Figure 4.5 illustrates a case from the BART-large-NEWSROOM model where the generated summary 

achieves ROUGE-1, ROUGE-2, and ROUGE-L scores of zero. The reference summary describes factual 

details such as “Thai Airways subsidiary Thai Smile,” “Cartoon Network paint job,” and “A320 jet,” whereas 

the prediction condenses this into the figurative expression “Adventure Time is coming to the skies.” Since 

none of the unigrams in the prediction (Adventure, Time, coming, skies) appear in the reference, the ROUGE-

1 score is 0. Similarly, the bigrams in the prediction (Adventure Time, Time is, is coming, coming to, the skies) 

do not overlap with bigrams in the reference such as Thai Airways or Cartoon Network, leading to a ROUGE-

2 score of 0. Finally, because there is no shared subsequence of words between the two texts, the longest 

common subsequence length is zero, resulting in a ROUGE-L score of 0. This example demonstrates how 

abstractive predictions that employ metaphorical or creative phrasing can convey semantically related content 

while receiving a score of zero across all ROUGE variants, highlighting a key limitation of purely lexical 

evaluation. 

  

Figure 4.5: Example of Prediction with No Lexical Overlap to Reference (ROUGE-1/2/L = 0). 

The preceding case studies (Figures 4.4 and 4.5) show that abstractive predictions can sometimes receive 
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ROUGE-2 or even ROUGE-1/2/L scores of zero when lexical overlap with the reference is absent, even if the 

generated summary is semantically consistent. Such cases are consistent with findings from Schluter (2017), 

who demonstrates that ROUGE inherently constrains performance in summarization tasks, with even human-

authored summaries unable to achieve optimal scores due to its reliance on surface n-gram matching. In 

particular, shorter or more abstractive outputs are disproportionately penalized, producing low scores despite 

being semantically adequate. Taken together, these findings suggest that low ROUGE values in abstractive 

summarization should be interpreted with caution, as they often reflect metric limitations rather than 

deficiencies in the summaries themselves. 

4.5.2. Impact of Domain Variation on BART-large-CNN 

The purpose of this experiment is to investigate whether BART-large-CNN, which is fine-tuned specifically 

on the CNN/DailyMail corpus, experiences performance degradation when applied to datasets from other 

domains. To examine this, the model was evaluated on three datasets, CNN/DailyMail (Hermann et al. 2015), 

PubMed (Cohan et al. 2018), and DialogSum (Chen et al. 2021), using 100 test samples each. Performance 

was measured with ROUGE (ROUGE-1/2/L), FactCC, and BERTScore, as summarized in Table 4.5. 

Dataset Samples 
ROUGE-
1(F1,%) 

ROUGE-
2(F1,%) 

ROUGE-
L(F1,%) FactCC(%) BERTScore(F1,%) 

CNN/DailyMail 100 35.02 15.26 26.39 75.23 87.6 

PubMed 100 28.48 10.97 18.7 90.62 85.93 

DialogSum 100 23.13 5.83 17.2 72.56 88.41 

Table 4.5: Evaluation of BART-large-CNN on Different Datasets. The results highlight domain-dependent performance 

variations: CNN/DailyMail achieves the best lexical overlap (ROUGE), PubMed yields the highest factual consistency (FactCC), 

while DialogSum shows the weakest lexical scores despite strong semantic similarity (BERTScore). 

The results show that BART-large-CNN achieves its best performance on CNN/DailyMail, consistent with its 

fine-tuning domain, with the highest ROUGE and BERTScore values. However, its performance declines on 

PubMed and DialogSum, reflecting the challenges of transferring across domains with different writing styles 

and summarization structures. Interestingly, FactCC scores are highest on PubMed (90.62), suggesting that 

while lexical overlap decreases in the biomedical domain, factual grounding may benefit from the more 

explicit and structured style of scientific texts. By contrast, DialogSum exhibits both low ROUGE and FactCC, 

highlighting the difficulty of applying news-trained summarizers to conversational data. 

News-report style datasets such as CNN/DailyMail present long articles in which key facts are interwoven 
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with extensive background details and commentary, making it difficult for models to extract and preserve 

factual information in a concise manner. This characteristic often leads to omissions or under-coverage in 

generated summaries, lowering factual consistency. In contrast, the PubMed dataset consists of biomedical 

research articles that are highly structured into sections such as Introduction, Methods, Results, and 

Conclusion. The associated abstracts serve as reference summaries, which selectively condense essential 

points from each section into concise statements. This inherent alignment between structured source texts and 

structured summaries makes it easier for BART-large-CNN to capture salient information and maintain factual 

consistency (Cohan et al. 2018). 

 

Figure 4.6: Example of CNN/DailyMail Article and BART-large-CNN Generated Summary with Low FactCC Score. The source 

article contains numerous factual details (e.g., DNA confirmation of Marwan’s identity, the failed police raid with forty-four 

casualties, and the reported involvement of ISIS). However, the generated summary compresses this information into brief 

statements, omitting key contextual facts. This illustrates how BART-large-CNN’s tendency to prioritize brevity over 

completeness can reduce factual consistency, leading to lower FactCC scores despite fluent generation. 

Figure 4.6 provides a representative example with a low FactCC score, illustrating why BART-large-CNN 

underperforms on factual consistency when evaluated on the CNN/DailyMail dataset. Although trained on 

this corpus, the model tends to generate condensed “highlight-style” summaries that prioritize brevity. As a 
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result, important factual elements are frequently omitted, leading to under-coverage and lower factual 

consistency despite the summaries appearing fluent. 

Because FactCC assesses factuality at the sentence level, these omissions lead to under-coverage penalties.  

The root cause lies in the fine-tuning process: BART-large-CNN learns to prioritize brevity over completeness, 

resulting in factually correct but insufficiently supported summaries and thus lower factual consistency. 

Overall, while BART-large-CNN achieves the highest ROUGE scores on CNN/DailyMail, the results do not 

fully support the expectation that domain alignment ensures superior performance across all metrics. Instead, 

the structural properties of datasets play a crucial role: CNN/DailyMail’s News-report style hinders factual 

grounding, whereas PubMed’s structured format facilitates more faithful content selection, explaining the 

higher FactCC values observed on PubMed. 

4.5.3. Analysis of Low FactCC Performance in Qwen3- 8B 

Figure 4.7 applies UMAP to analyze the FactCC scores of Qwen-generated summaries. UMAP is chosen 

because it effectively reduces the high-dimensional semantic embeddings of summaries into a two-

dimensional space, preserving both local and global structure while enabling intuitive visualization of score 

distributions. This approach allows the relationship between semantic similarity and factual consistency to be 

examined more clearly than with raw numerical scores. 

 

Figure 4.7: UMAP visualization of Qwen-generated summaries colored by FactCC scores 

The analysis of Qwen’s zero-shot outputs shows that summaries with low FactCC values (blue) are not 

confined to isolated areas but are broadly scattered across the semantic space. In contrast, high-scoring outputs 

(red) are relatively sparse and lack cohesive clustering. This dispersed pattern suggests that factual 

inconsistency is not limited to particular semantic groups but is widespread across Qwen’s outputs, which 
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explains the overall low FactCC performance. 

Moreover, the prevalence of low-scoring summaries indicates that factual inconsistency constitutes the 

dominant trend, reflecting Qwen’s tendency to generate semantically plausible yet factually unreliable content, 

which explains the overall low FactCC performance. 

The error analysis in Figure 4.7 indicates that summaries with low FactCC scores are widely dispersed across 

the semantic space, showing that factual inconsistency is not confined to specific clusters but broadly present 

in Qwen’s outputs. This general weakness can be further explained by the findings from Section 4.6.2 and 

Section 4.6.3. The ablation in Section 4.6.2 revealed that longer summaries consistently decrease factual 

consistency, suggesting that overgeneration increases the likelihood of introducing unsupported content.  

Section 4.6.3 further showed that larger context windows, while improving semantic alignment as reflected 

by BERTScore, also amplify factual drift, particularly when combined with abstractive demonstrations from 

the Newsroom dataset that encourage paraphrasing and generalization. 

Table 4.6 summarizes the main causes of Qwen’s low FactCC scores. It shows that factual inconsistency arises 

from overgeneration, larger context windows, and abstractive few-shot demonstrations. Overall, Qwen’s low 

factual reliability results from the interaction of these factors. 

Factor Description 

Overgeneration tendency 
The model often produces content that extends beyond verifiable facts, 
introducing unsupported details. 

Context window effect Larger context budgets increase semantic coverage but also amplify 
factual drift, reducing alignment with the source. 

Abstractive demonstration 
bias 

Few-shot examples from the Newsroom dataset encourage paraphrasing 
and generalization, reinforcing semantic plausibility at the cost of factual 
accuracy. 

Table 4.6: Factors Contributing to Low FactCC Performance in Qwen. 

4.6. Ablation Studies 

4.6.1. Effect of Parameter-Efficient Fine-Tuning 

To examine the effect of parameter-efficient fine-tuning, an ablation experiment was conducted comparing 

full fine-tuning of BART-large with LoRA-based adaptation. Both settings used the same abstractive subset 

of the NEWSROOM dataset (1,000 training and 1,000 validation samples) and identical hyperparameters to 

control for variability. The experiments were run for three epochs on a single GPU, with real-time GPU 

memory usage and per-epoch training times logged separately for LoRA and non-LoRA configurations. 
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Figure 4.8: Comparison of Training Time per Epoch between LoRA and Full Fine-Tuning (NonLoRA). 

As shown in Figure 4.8, LoRA substantially reduced training time per epoch compared to full fine-tuning. 

This efficiency stems from the fact that only a small set of adapter parameters are updated under LoRA, while 

the majority of the pretrained weights remain frozen. In contrast, full fine-tuning requires updating all 406M 

parameters, leading to higher memory consumption and longer training times. The results highlight that LoRA 

achieves faster convergence with significantly lower hardware overhead, making it a more practical approach 

when computational resources are limited. 

 

Figure 4.9: GPU memory usage comparison between LoRA and Non-LoRA across training epochs. 

Figure 4.9 shows the differences in GPU memory consumption between LoRA and Non-LoRA training over 
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three epochs. The Non-LoRA model always occupies a large amount of GPU memory, with a usage rate 

exceeding 6 MiB, while the LoRA model has a lower and more stable memory usage rate, approximately 1.5 

MiB. This gap highlights the efficiency of LoRA in reducing memory requirements during fine-tuning. 

Furthermore, the Non-LoRA curve shows occasional fluctuations within and between times, indicating that 

the memory allocation pattern is more volatile. In contrast, LoRA undergoes the least change at different times, 

indicating that its behavior is more predictable and resource-efficient. Overall, these results confirm that LoRA 

not only reduces GPU memory usage but also provides a stable utilization rate, making it a practical choice 

for memory-constrained training environments. 

4.6.2. Impact of Few-Shot Prompting on Qwen Performance 

This experiment aims to examine how the target length of the summary and the number of few-shot learning 

examples affect the factual consistency in the output generated by Qwen. The aim is to evaluate the changes 

in FactCC scores with shorter summaries and more contextual examples. 

To further investigate the factors influencing the factual reliability of Qwen output, we conducted an ablation 

experiment. Table 4.7 summarizes the experimental setup, including the dataset, shooting configuration, target 

length, control variables, and evaluation metrics. 

Aspect Description 

Dataset First 100 samples of the CNN/DailyMail dataset 

Few-shot examples 
Abstractive samples drawn from the NEWSROOM 
dataset 

Shot setting 2-shot and 8-shot  

Target length 10, 20, 30, 40, 50, and 60 words (±3) 

Controlled factors 
Summary length and shot number, with all other 
settings kept constant 

Evaluation metrics ROUGE-1, 2, L; BERTScore, and FactCC 

Table 4.7: Experimental setup for the ablation study on summary length and shot number. 

The detailed results under the two experimental conditions are reported separately. Table 4.8 presents the 

outcomes for the 2-shot setting, while Table 4.9 summarizes the results for the 8-shot setting. 
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Words ROUGE-1(F1,%) ROUGE-2(F1,%) ROUGE-L(F1,%) FactCC(%) BERTScore(F1,%) 

10 24.66 6.47 19.44 25.97 83.1 

20 25.28 6.31 18.51 14.94 83.49 

30 24.6 5.93 17.9 18.39 83.29 

40 23.65 5.28 16.6 19.32 83.23 

50 24.4 5.3 16.61 14.61 83.43 

60 24.82 5.73 17.05 16.13 83.54 

Table 4.8: different word length, 2-shot. 

Words ROUGE-1(F1,%) ROUGE-2(F1,%) ROUGE-L(F1,%) FactCC(%) BERTScore(F1,%) 

10 15.41 3.38 11.87 36.71 81.97 

20 17.13 2.94 12.59 29.55 82.08 

30 18.37 2.81 12.65 25.93 82.25 

40 18.52 2.69 12.58 28.05 82.4 

50 18.57 2.84 12.45 31.33 82.5 

60 19.09 3.45 12.69 31.82 82.55 

Table 4.9: different word length, 8-shot. 

The results in Table 4.8 and Table 4.9 indicate that FactCC is highly sensitive to both variables. In the 2-shot 

setting, FactCC scores were consistently low, reaching a maximum of 25.97% for 10-word summaries and 

declining steadily to 16.13% at 60 words, suggesting that longer outputs tend to introduce more factual errors.  

In the 8-shot setting, factual consistency improved considerably, peaking at 36.71% for 10-word summaries 

but similarly declining as the target length increased, reaching 31.82% at 60 words. While ROUGE and 

BERTScore remained relatively stable across different lengths and shot numbers, FactCC exposed clear 

weaknesses in factual reliability when outputs were longer or when fewer demonstrations were provided.  

Importantly, across both Table 4.8 and Table 4.9, the zero-shot setting consistently achieved higher FactCC 

scores than the few-shot configurations. This outcome reflects the influence of the demonstration design, as 

the few-shot examples were selected from the Newsroom dataset and were exclusively abstractive. These 

abstractive demonstrations may have encouraged the model to generate paraphrased or less strictly faithful 

content, thereby reducing factual consistency compared with the zero-shot condition, which avoided such bias 

and produced outputs more directly aligned with the CNN/DailyMail source text. 

In summary, the ablation demonstrates two consistent patterns. First, shorter summaries yield higher factual 
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consistency. Second, zero-shot outputs surpassed both 2-shot and 8-shot configurations, underscoring that the 

reliability of few-shot prompting depends critically on the selection of demonstrations. 

4.6.3. Effect of Context Window on Summarization Reliability 

This experiment was designed to examine how context window size alone influences summarization quality. 

By fixing the few-shot setting at two examples and keeping all other parameters constant, the effect of context 

length could be isolated. 

Table 4.10 outlines the experimental configuration. Evaluations used two abstractive examples from 

Newsroom and the first 100 CNN/DailyMail samples, with context budgets of 128, 256, and 512 tokens, 

measured by BERTScore-F1 and FactCC. 

Aspect Description 

Dataset First 100 samples from the CNN/DailyMail dataset 

Few-shot examples 
Abstractive samples drawn from the NEWSROOM 
dataset 

Shot setting 2-shot 

Context window size 128, 256, 512 tokens 

Controlled factors All other parameters kept constant 

Evaluation metrics 
BERTScore-F1 (semantic coverage) and FactCC 
(factual consistency) 

Table 4.10: Experimental setup for ablation study on context window size. 

The results in Figure 4.10 highlight a clear trade-off between semantic coverage and factual consistency. 

BERTScore-F1 showed moderate improvement as the context window expanded, indicating that larger 

contexts allowed the model to capture more semantically aligned information from the source text. In contrast, 

FactCC scores declined steadily with longer contexts, reflecting an increase in factual drift. This reduction can 

be partly attributed to the use of abstractive demonstrations from NEWSROOM, which encouraged 

paraphrasing and generalization. With more context available, this bias was amplified, producing summaries 

that were semantically richer but less strictly faithful to the source. 
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Figure 4.10: Impact of Context Window Size on BERTScore and FactCC. 

The study results show that a larger context window enhances semantic overlap but increases factual errors, 

while a shorter context window strengthens stricter factual consistency. The interaction between the length of 

the context and the abstraction of a few demonstrations explains the differences observed between BERTScore 

and FactCC. 

This chapter compares four summary models, namely BART-large-CNN, BART-large-NEWSROOM, 

BERT2BERT and Qwen3-8B. BART-large-CNN performed the best because CNN/DailyMail was fine-tuned 

for specific domains. BART-large-NEWSROOM is hindered by domain shift, while BERT2BERT shows 

balanced but moderate results without specific task adaptation. Qwen3-8B scores relatively low in zero-shot 

learning and few-shot learning, which is limited by the size of the context window and the lack of supervision. 
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5. Conclusion 

In this work, we developed an abstractive summarization system that centers on fine-tuning the BART-large 

model and uses an abstractive subset of the NEWSROOM dataset. To provide a broader assessment, we also 

conducted zero-shot and low-shot experiments using Qwen3-8B and compared the results with baseline 

models such as BART-large-CNN and BERT2BERT. A complete interactive tool has been implemented, 

enabling users to input long articles, adjust the length of summaries, and compare the outputs of different 

models, thereby demonstrating performance and practical usability. 

The results show that BART-large-CNN performs best due to its domain alignment with CNN/DailyMail, 

while our fine-tuned BART-large-NEWSROOM model remains competitive, benefiting from parameter-

efficient LoRA fine-tuning. However, our experiments also highlight factual inconsistency as a persistent 

challenge, since LoRA improves efficiency but introduces a trade-off between coverage and factual accuracy. 

Overall, the fine-tuned BART model demonstrates stability and efficiency, whereas instruction-tuned models 

such as Qwen offer greater flexibility in handling diverse prompts and long-range reasoning, though at the 

cost of higher resource requirements. 

Future work can address these limitations along several directions. First, integrating stronger factuality-

oriented training objectives or post-editing modules could mitigate hallucinations and improve consistency 

with source documents. Second, hybrid approaches that combine fine-tuning with prompt engineering may 

balance stability and adaptability. Third, exploring reinforcement learning from human feedback (RLHF), for 

example by incorporating human preferences on factual correctness and coherence during training, or adopting 

factuality-aware evaluation metrics, such as those penalizing hallucinations or rewarding evidence-grounded 

statements, could enhance alignment with human judgment (Christiano et al. 2017; Bai et al. 2022). Finally, 

scaling experiments to larger datasets and additional domains would provide broader validation of model 

robustness. 
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6. Reflection 

I have gained substantial new knowledge and practical experience in the field of natural language processing 

from this project. I developed a deeper understanding of pre-trained language models (PLMs) and their fine-

tuning procedures, as well as the behaviour of large language models (LLMs) under zero-shot and few-shot 

conditions. One of the key lessons learned is the importance of prompt engineering, since LLMs are highly 

sensitive to the phrasing, structure, and design of prompts. The experiments also demonstrated how different 

training and inference strategies can affect evaluation outcomes, reinforcing the value of systematic 

experimentation in model assessment. 

In terms of findings, the fine-tuned BART-large-newsroom model did not achieve ideal results across the 

evaluation metrics, which reflects both the difficulty of the task and the limitations of the current setup. In 

addition, the Qwen3-8B model exhibited clear consistency issues when varying the target length of summaries 

and the number of few-shot demonstrations, highlighting the strong influence of prompt configuration. While 

the experiments explored some potential reasons for these outcomes, further investigation and corrective 

methods could not be included due to the dissertation’s word limit. This motivates me to place greater 

emphasis on error analysis in future work, as identifying specific failure modes and their underlying causes 

will be essential to improving factual reliability in abstractive summarization. 

In addition to the technical expertise, I also developed transferable skills throughout this project. I strengthened 

my ability to design and manage a research process under strict time and space constraints, which improved 

my project management and prioritization skills. I also learned to think more critically about experimental 

outcomes, questioning underlying assumptions and identifying possible improvements rather than accepting 

results at face value. Furthermore, the process enhanced my academic writing and communication abilities, 

as I needed to convey complex technical ideas in a clear and structured manner. These broader skills will be 

equally valuable for future research and professional work, complementing the technical knowledge gained 

in natural language processing. 
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8. Appendices 

The prompt used in this study is composed of three parts, including the instruction, the examples, the target 

article. Two prompting strategies were applied. In the zero-shot setting, the prompt contains only the 

instruction and the input article, requiring the model to generate a summary without any demonstrations. In 

contrast, the few-shot setting extends the prompt with several example pairs of articles and summaries, which 

provide demonstrations that help guide the model toward producing outputs closer to the desired style and 

quality. 

The following prompt format illustrates the structure with the instruction, reference examples and the actual 

article to be summarized. 

The following two blocks in Table 8.1 are included in all shot settings, which also constitutes the entire zero-

shot prompt. 

Table 8.1: prompts 0 shot (zero-shot) 

Instruction 

"Summarize the article in 1–2 strictly factual and verifiable sentences, " 

"with no more than 30 words in total. " 

"State only the single most central fact; avoid multiple claims. " 

"Include only facts explicitly stated in the article; do not infer, generalize, or add background knowledge. " 

"Copy names/dates/numbers exactly as written when mentioned. " 

"Avoid modal verbs (may, might, could), hedging, speculation, and adjectives. " 

"Stop after the second sentence. Output only the summary, then append ###END." 

Target article: 

(CNN)The Palestinian Authority officially became the 123rd member of the International Criminal Court 
on Wednesday, a step that gives the court jurisdiction over alleged crimes in Palestinian territories. The 
formal accession was marked with a ceremony at The Hague, in the Netherlands, where the court is based. 
The Palestinians signed the ICC's founding Rome Statute in January, when they also accepted its jurisdiction 
over alleged crimes committed ""in the occupied Palestinian territory, including East Jerusalem, since June 
13, 2014."" Later that month, the ICC opened a preliminary examination into the situation in Palestinian 
territories, paving the way for possible war crimes investigations against Israelis. As members of the court, 
Palestinians may be subject to counter-charges as well. Israel and the United States, neither of which is an 
ICC member, opposed the Palestinians' efforts to join the body. But Palestinian Foreign Minister Riad al-
Malki, speaking at Wednesday's ceremony, said it was a move toward greater justice. ""As Palestine 
formally becomes a State Party to the Rome Statute today, the world is also a step closer to ending a long 
era of impunity and injustice,"" he said, according to an ICC news release. ""Indeed, today brings us closer 
to our shared goals of justice and peace."" Judge Kuniko Ozaki, a vice president of the ICC, said acceding 
to the treaty was just the first step for the Palestinians. ""As the Rome Statute today enters into force for the 
State of Palestine, Palestine acquires all the rights as well as responsibilities that come with being a State 
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Party to the Statute. These are substantive commitments, which cannot be taken lightly,"" she said. Rights 
group Human Rights Watch welcomed the development. ""Governments seeking to penalize Palestine for 
joining the ICC should immediately end their pressure, and countries that support universal acceptance of 
the court's treaty should speak out to welcome its membership,"" said Balkees Jarrah, international justice 
counsel for the group. ""What's objectionable is the attempts to undermine international justice, not 
Palestine's decision to join a treaty to which over 100 countries around the world are members."" In January, 
when the preliminary ICC examination was opened, Israeli Prime Minister Benjamin Netanyahu described 
it as an outrage, saying the court was overstepping its boundaries. The United States also said it ""strongly"" 
disagreed with the court's decision. ""As we have said repeatedly, we do not believe that Palestine is a state 
and therefore we do not believe that it is eligible to join the ICC,"" the State Department said in a statement. 
It urged the warring sides to resolve their differences through direct negotiations. ""We will continue to 
oppose actions against Israel at the ICC as counterproductive to the cause of peace,"" it said. But the ICC 
begs to differ with the definition of a state for its purposes and refers to the territories as ""Palestine."" While 
a preliminary examination is not a formal investigation, it allows the court to review evidence and determine 
whether to investigate suspects on both sides. Prosecutor Fatou Bensouda said her office would ""conduct 
its analysis in full independence and impartiality."" The war between Israel and Hamas militants in Gaza 
last summer left more than 2,000 people dead. The inquiry will include alleged war crimes committed since 
June. The International Criminal Court was set up in 2002 to prosecute genocide, crimes against humanity 
and war crimes. CNN's Vasco Cotovio, Kareem Khadder and Faith Karimi contributed to this report. 

The following section illustrates the few-shot prompt. In addition to the blocks shown below, each shot prompt 

also incorporates the components presented in Table 8.1. 

Table 8.2: prompts 1 shot (few-shot) 

Example 1 

Article: 

Published: 2:56PM BST 09 Oct 2009 Media is a very fast paced industry and in order to maintain our strong 
market position in both print and digital media, we invest heavily in staff development/training and empower 
staff to take the initiative and continue to drive through new and innovative ways of engaging with our 
customers. This has led to us being the first newspaper group to go online in 1994 but also the first newspaper 
group to introduce podcasts. Our 

Reference summary: 

Telegraph Media Group operate a culture of knowledge sharing and staff empowerment." 

Table 8.3: prompts 2 shots (few-shot) 

Example 1 

Article: 

Published: 2:56PM BST 09 Oct 2009 Media is a very fast paced industry and in order to maintain our strong 
market position in both print and digital media, we invest heavily in staff development/training and empower 
staff to take the initiative and continue to drive through new and innovative ways of engaging with our 
customers. This has led to us being the first newspaper group to go online in 1994 but also the first 
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newspaper group to introduce podcasts. Our 

Reference summary: 

Telegraph Media Group operate a culture of knowledge sharing and staff empowerment. 

Example 2 

Article: 

Alain Robert and Jeb Corliss are two men who've never met, yet they share many of the same experiences. 
They're both risk takers driven by their fears. Building climber Alain Robert hangs from ceiling at home to 
stay in super shape. One scales steel and glass towers, while the other soars through the air. Corliss, 34, uses 
a flying squirrel-style wing-suit to travel at speeds of up to 300 mph and steer through the air during freefall. 
""If you want 

Reference summary: 

'20/20' looks at the fascinating exploits of ""Birdman"" and the ""French Spiderman,"" aka Jeb Corliss and 
Alain Robert, who talk about what drives them to push the extremes of experience." 

Table 8.4: prompts 5 shots (few-shot) 

Example 1 

Article: 

Published: 2:56PM BST 09 Oct 2009 Media is a very fast paced industry and in order to maintain our strong 
market position in both print and digital media, we invest heavily in staff development/training and empower 
staff to take the initiative and continue to drive through new and innovative ways of engaging with our 
customers. This has led to us being the first newspaper group to go online in 1994 but also the first 
newspaper group to introduce podcasts. Our 

Reference summary: 

Telegraph Media Group operate a culture of knowledge sharing and staff empowerment. 

Example 2 

Article: 

Alain Robert and Jeb Corliss are two men who've never met, yet they share many of the same experiences. 
They're both risk takers driven by their fears. Building climber Alain Robert hangs from ceiling at home to 
stay in super shape. One scales steel and glass towers, while the other soars through the air. Corliss, 34, uses 
a flying squirrel-style wing-suit to travel at speeds of up to 300 mph and steer through the air during freefall. 
""If you want 

Reference summary: 

'20/20' looks at the fascinating exploits of ""Birdman"" and the ""French Spiderman,"" aka Jeb Corliss and 
Alain Robert, who talk about what drives them to push the extremes of experience." 

Example 3 

Article: 
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There are two traditional views of how Americans can be happiest in retirement. In one, they retrofit their 
homes with grab bars and wheelchair-accessible bathrooms and ""age in place"" while maintaining long-
time community, church and family ties. In the other, they say farewell to friends and frigid winters and 
head off to Florida or Sun City for a life of leisurely golf and bridge games. But a new study from the Center 
for Retirement Research at Boston College suggests there 

Reference summary: 

Research contradicts idea that seniors need to cling to their homes. 

Example 4 

Article: 

Making money in the stock market hasn't been this tough since the fall of 2008. Bear in mind that in the 
short-term the bears may very well be in control. Stock markets are succumbing to the deflationary, and 
very negative conditions in many European nations that have been driven by very real necessity to cut 
budget deficits and reduce debt. This fiscal discipline is not priming the pump of slowing economies. In the 
U.S. the sharp decline in consumer confidence 

Reference summary: 

Market gurus look to gold and commodities as places to put money.  Some are shorting European banks, 
too. 

Example 5 

Article: 

By MARISA GUTHRIE DAILY NEWS STAFF WRITER Monday, November 29th 2004, 1:51AM It's that 
time of year - lots of shopping, cooking and wrapping to keep us busy. And it's a busy season on television 
as well. But none of it requires spending wads of money, lifting a finger (just a thumb on the remote) or 
leaving the cozy confines of the couch. Here are some of the highlights of the holiday programming 
onslaught: Nick Lachey and Jessica Simpson further 

Reference summary: 

TV IS BLITZEN US WITH SPECIAL Rudy, Scrooge & jolly young Nick HOLIDAY VIEWING GUIDE 
LONG REIGN:  

Table 8.5: prompts 8 shots (few-shot) 

Example 1 

Article: 

Published: 2:56PM BST 09 Oct 2009 Media is a very fast paced industry and in order to maintain our strong 
market position in both print and digital media, we invest heavily in staff development/training and empower 
staff to take the initiative and continue to drive through new and innovative ways of engaging with our 
customers. This has led to us being the first newspaper group to go online in 1994 but also the first 
newspaper group to introduce podcasts. Our 

Reference summary: 
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Telegraph Media Group operate a culture of knowledge sharing and staff empowerment. 

Example 2 

Article: 

Alain Robert and Jeb Corliss are two men who've never met, yet they share many of the same experiences. 
They're both risk takers driven by their fears. Building climber Alain Robert hangs from ceiling at home to 
stay in super shape. One scales steel and glass towers, while the other soars through the air. Corliss, 34, uses 
a flying squirrel-style wing-suit to travel at speeds of up to 300 mph and steer through the air during freefall. 
""If you want 

Reference summary: 

'20/20' looks at the fascinating exploits of ""Birdman"" and the ""French Spiderman,"" aka Jeb Corliss and 
Alain Robert, who talk about what drives them to push the extremes of experience." 

Example 3 

Article: 

There are two traditional views of how Americans can be happiest in retirement. In one, they retrofit their 
homes with grab bars and wheelchair-accessible bathrooms and ""age in place"" while maintaining long-
time community, church and family ties. In the other, they say farewell to friends and frigid winters and 
head off to Florida or Sun City for a life of leisurely golf and bridge games. But a new study from the Center 
for Retirement Research at Boston College suggests there 

Reference summary: 

Research contradicts idea that seniors need to cling to their homes. 

Example 4 

Article: 

Making money in the stock market hasn't been this tough since the fall of 2008. Bear in mind that in the 
short-term the bears may very well be in control. Stock markets are succumbing to the deflationary, and 
very negative conditions in many European nations that have been driven by very real necessity to cut 
budget deficits and reduce debt. This fiscal discipline is not priming the pump of slowing economies. In the 
U.S. the sharp decline in consumer confidence 

Reference summary: 

Market gurus look to gold and commodities as places to put money.  Some are shorting European banks, 
too. 

Example 5 

Article: 

By MARISA GUTHRIE DAILY NEWS STAFF WRITER Monday, November 29th 2004, 1:51AM It's that 
time of year - lots of shopping, cooking and wrapping to keep us busy. And it's a busy season on television 
as well. But none of it requires spending wads of money, lifting a finger (just a thumb on the remote) or 
leaving the cozy confines of the couch. Here are some of the highlights of the holiday programming 
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onslaught: Nick Lachey and Jessica Simpson further 

Reference summary: 

TV IS BLITZEN US WITH SPECIAL Rudy, Scrooge & jolly young Nick HOLIDAY VIEWING GUIDE 
LONG REIGN:  

Example 6 

Article: 

Bank of America Corp., the nation's largest bank, unveiled plans yesterday to cut 30,000 jobs worldwide in 
the next few years, as part of an aggressive effort to streamline its far-flung operations and cope with billions 
of dollars in losses from toxic mortgages and the continuing weak economy. The cuts will probably affect 
the company's operations in Massachusetts, analysts say, but bank officials said it was too early to say how 
many reductions will occur here. Massachusetts is one of 

Reference summary: 

The nation’s largest bank has grown tremendously in recent years with major acquisitions, while also 
suffering through a perilous economy and steep losses from the mortgage crisis. 

Example 7 

Article: 

LOS ANGELES – While news of Jesse James’s alleged affair only hit headlines last week (thanks to 
mistress Michelle “Bombshell” McGee selling her story), Sandra Bullock may have been “blindsided” by 
her husband prior to accepting her Oscar for Best Actress. Bullock barely even acknowledged, let alone 
touched, a teary James after her name was called out as the winner, although he whispered “something 
private” in her ear and she gave him a smug look before jumping out of her 

Reference summary: 

Did Sandra Bullock Already Know About Jesse James' Affair at Oscars? 

Example 8 

Article: 

Oppenheimer initiated coverage on shares of Fifth Third Bancorp with an outperform rating as credit trends 
look to favor the bank over the coming quarters. With the outperform rating, Oppenheimer set a price target 
of $16 per share. Shares of FITB were higher, picking up almost 2% so far. Canaccord Adams increased its 
EPS estimates on shares of Apple ( AAPL - news - people ) through 2011 as the firm continues to see 
strength in the iPad and iPhone 

Reference summary: 

Oppenheimer rates bank outperform, Canaccord boosts EPS estimate on iPad strength." 

 


