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Abstract :  Argumentation Mining (AM) is an important Natural Language Processing (NLP) operation that entails argumentative 

components extraction, categorization and structuring from text data. Statistical methods and rule-based methodologies were used 

in traditional AM, but transformer-based models, and more specifically, Bidirectional Encoder Representations from Transformers 

(BERT) and its variations, have changed the game with regard to accuracy and scalability. Although BERT efficiently represents 

argumentative structures by encoding contextual relationships, it does not have a generative process for reconstructing arguments. 

To complement this shortcoming, we suggest a hybrid framework that combines BERT for argument encoding with T5 (Text-To-

Text Transfer Transformer) for structured argument generation. We propose a hybrid model, HyT5B, combining T5-small and 

BERT-base, for efficient and context-aware title and summary generation. The approach proposed enhances both the interpretability 

and coherence of the arguments being generated. The method involves fine-tuning the BERT-based models for classification, 

relation extraction, and feature extraction of argumentative features followed by employing the generation ability of T5 to generate 

arguments. Experimental results establish that this combined model outperforms existing transformer-based models on argument 

classification, summarization, and stance detection tasks. We further explore domain-specialized BERT variants such as 

LegalBERT, SciBERT, and RoBERTa that further improve title and summary generation in specialist domains. Our work provides 

a scalable and powerful pipeline for unsupervised argument analysis, whose applications can include legal reasoning, debating 

systems, and policy analysis. 
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I. INTRODUCTION 

Argumentation Mining and Title is one of the NLP’s research directions targeting the automatic identification, classification, and 

structuring of argumentative structures from text sources [1]. The objective of AM is to obtain claims, premises, and argumentative 

relations (AR) from unstructured text where claim is the statement of controversy that is the central components, premises justifies 

the claim and AR describes the relation between the components [2]. Based on prior work Large Language Models (LLMs) have also 

proved to be qualitative for argument classification with validity task [3]. 

LLMs played a significant role in Relation-based Title and Summary Generation (RbAM) to determine relation between various 

generated title and summary with accuracy [4]. Approaches that were initially a boon for Title and Summary Generation included 

Maximum Entropy classifiers, Decision Trees, Support Vector Machine (SVM), Naïve Bayes Classifier, K-Nearest Neighbours 

(KNN), Hidden Markov Models (HMM), Logistic Regression, Conditional Random Fields (CRF) which were based on supervised 

learning algorithms [1]. Recent methods include transformer-based model which concentrated on learning the argumentative structure 

automatically using encoder-decoder models, these are the pre-trained transformer models like BERT, T5 (Text-To-Text Transfer 

Transformer), and GPT (Generative Pre-Trained Transformer) [5]. 

Encoding and decoding are integral parts of AM pipelines. Encoding refers to the process of converting textual arguments into 

vectorized forms that preserve semantic, structural, and syntactic relationships between argument elements [6]. Transformer models, 

like BERT, have found extensive use for argument encoding, since they can effectively model long-range dependencies in texts [7]. 

Decoding, on the contrary, reverses the structured arguments by producing coherent and contextually coherent outputs, often utilizing 

models such as T5 and GPT [8]. Although, BERT, T5 and GPT are transformer-based but they have a clear distinction in properties, 

which are- BERT is a encoder only model, GPT is a decoder only model and T5 is both encoder-decoder (sequence-to-sequence) 

model [9]. 
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Figure 1. AM Approaches 

 

BERT has emerged as a leading framework for argument encoding because it can encode deep contextual representations of text 

arguments [10]. BERT-FeaTxt, an extension of the ability of BERT, where contextual, structural, and syntactic features are used as 

text input rather than numerical embedding. Moreover, BERT-MINUS, a modular system that is BERT-based, has attained state-of-

the-art performance in Argument Type Classification (ATC) and Link Identification (LI) through the utilization of multiple BERT 

encoders for encoding multiple argumentative features [11][12]. These results show that BERT is effective in representing 

argumentative structures and is an important model for AM tasks. 

Though BERT is excellent at argumentative element encoding, it does not have in-built generative power and is thus not ideal for 

argument reconstruction or text generation [13]. T5 has been viewed for argument decoding because it is capable of generating 

structured outputs from encoded representations [14]. T5’s ability to generate, however, comes with the hassle of over generation, 

hallucination, and interpretability that affect the veracity of generated arguments [15]. It is hence the blending of BERT’s string 

encoding with T5’s decoding power that offers a good avenue for title and summary generation. 

This work suggests a hybrid method utilizing BERT for argumentative component encoding and T5 for decoding structured 

argumentation, overcoming the drawbacks of individual models while enhancing accuracy, coherence, and interpretability in AM 

tasks. To improve coherence and semantic relevance, we develop a hybrid transformer model named HyT5B, integrating the 

generative capabilities of T5-small with the contextual embeddings of BERT-base. 

II. RELATED WORK 

The recent progress in Title and Summary Generation (AM) has been fuelled by transformer-based models, especially BERT and 

its derivatives. Mushtaq and Cabessa presented BERT–FeaTxt, an extension of the standard BERT models, using contextual, 

structural, and syntactic features as text inputs [10]. It far surpassed baseline models in Argument Type Classification (ATC). This 

foundation was developed by Mushtaq and Cabessa, who designed BERT–MINUS, a modular framework for BERT based on 

argumentative discourse structure encoding by stacking three parallel models of BERT to separately detect argument markers, 

generated title and summary’s, and other text features [11]. This work also introduced Selective Fine-tuning that allowed intra-task 

fine-tuning (auto-transfer learning) and inter-task fine-tuning (cross-transfer learning), achieving state-of-the-art performance on Link 

Identification (LI) and similar performance in ATC.  

Building on BERT-based argument encoding, a span-based representation method was introduced that accurately captures 

sequential nature of argument substructure [6]. Their study demonstrated that contextual embedding’s of BERT performed better than 

common LSTM-based models in Argument Relation Identification (ARI) and Link Type Classification (LTC) tasks. Along the same 

line, a joint transformer model was suggested based on BERT and BiLSTM that boosted performance in multi-task argument 

classification [12]. The efficiency of multi-BERT architectures in capturing discourse structure was further confirmed, it was fine-

tuned with a range of large-scale transformer models on Persuasive Essays (PE), AbstRCT, and CDCP datasets, leading to a notable 

enhancement in generated title and Argumentative Component Classification (ACC) and argument relation classification (ARC) [1]. 

Apart from conventional BERT models, new research has also looked into fine-tuned Large Language Models (LLMs) for title 

and summary generation. Researches on LLaMA-3, Gemma-2, and Mistral were done for generating argument structure, proving that 

LLMs perform better than regular transformers in argument relation prediction [1]. Their research recast ACC, ARI, and ARC as text 

generation tasks and used prompt-based fine-tuning to improve generated title and summary detection and linkage analysis. But 

though LLMs obtain better generalization, they use more computational resources and are less interpretable compared to task-specific 

models such as BERT–MINUS. Likewise, BART and T5-based transformers were incorporated for robust argument generation, 

where attention was on argument synthesis instead of classification, which is the forte of T5 as a text generator [8]. 

The combination of BERT-based encoding and T5-based decoding has also been investigated. Argumentative structures are well 

captured by pre-trained transformers such as BERT, while T5 trained on argument summarization improves argument synthesis in 

legal and debate corpora [15]. In addition, the concept of multi-task learning was generalized, demonstrating that the integration of 

BERT’s structured embeddings and T5’s generative strengths results in more coherent argument tress [14]. Nonetheless, T5-based 

models are still weaker in classification tasks, so BERT is the first choice for argument encoding and relation detection. 
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Figure 2. Model Taxonomy Tree 

 

With these advancements, our work takes advantage of BERT for argument encoding and T5 for argument decoding, incorporating 

transfer learning from BERT–MINUS along with the use of T5's generative capabilities for structured argument production. This 

approach attempts to align BERT's interpretability and effectiveness with T5's structured text generation capabilities to produce better 

title and summary generation. 

III. THE ROLE OF BERT IN ARGUMENT ENCODING 

BERT’s Bidirectional Nature 

BERT transformed the world of argument encoding by enabling bidirectional transformer architecture, which permits models to 

capture argumentative discourse structures in a much more holistic manner [16]. Traditionally, BERT faced sequential models but 

unlike them, BERT utilizes a transformer model that looks at entire portions of text from left to right and right to left [7]. This is 

essential for title and summary generation phenomena since relations between claims, premises, and rebuttals exist cross-sententially. 

BERT’s self-attention mechanism is able to interpret words in an argumentative context by assigning varying levels of relevance 

[17][18].  

 
 

Figure 3. Self-attention mechanism of BERT 

 

One of the strong points of BERT in argument encoding is its bidirectional architecture, which enables it to attend to both the 

previous and future words at the same time during learning representations [19]. This is particularly important in the scenario of 

analysing persuasive speech where the logical connection among the premises and the claim is crucial. For example, a unidirectional 

model such as GPT has a serially sequential processing of text which limits context understanding, while BERT has an improved 

argument classification and relation identification accuracy because it attends to all words in a sentence simultaneously [20]. More 
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recent works illustrated that models based on BERT architecture generated title and summary detection (ACD) for tokenization and 

Argument Type Classification (ATC) for component classification due to the availability of context in their embedding’s [11]. 

BERT is Preferred over Unidirectional Models Argument Structure Understanding 

Distinguishing features of BERT are particularly useful when mining arguments, such as the ability to declare and recognize the 

hierarchical relations of discourse markers and understand the coherence of the entire text (as opposed to doing so in parallel) [21]. 

BERT encodes entire texts throughout, meaning it is able to capture the requisite discourse coherence that in turn facilitates 

recognizing its markers and hierarchy. This is unlike the GPT or any other model, which is designed to generate text and therefore 

uncouples sequence learning from token generation [22]. More so, the benchmarked assessments on the PE and DebatePedia 

previously noted have attested that BERT's performance in ACC as well as argument linking is substantially better than that of GPT-

3 [1][4]. Also, mBERT and domain-specific BERT models have shown to perform well in legal, scientific, and political arguments, 

which demonstrates the ability of bidirectional transformers to adapt to many domains of argumentation [18]. 

 

Figure 4. Bidirectional flow for Argument Coherence 

 

Recent advancements have continued to boost BERT's use in argument representation. Domain-specific variations like 

LegalBERT and SciBERT have also been fine-tuned on corpora of legal and scientific argumentation, enhancing their capacity for 

argumentative structure extraction from expert texts [23]. Furthermore, BERT-based models incorporating graph neural networks 

(GNNs) have also been promising in argument structure prediction, where argumentative units are nodes in a graph, while BERT 

embeddings enhance the argument relation identification accuracy [24]. Additionally, the advent of hierarchical BERT models, which 

have incorporated discourse-level context, has also enhanced argumentative structure parsing, thus making BERT the model of choice 

for argument encoding processes [21]. 

IV. HYBRID TRANSFORMER-BASED ARCHITECTURE FOR TITLE AND SUMMARY GENERATION 

Recent developments in natural language processing have demonstrated that no one model architecture performs best on all text 

generation tasks. In response, we introduce a hybrid model that leverages the best of both semantic encoding and generative decoding 

architectures to produce titles and summaries that are contextually correct and linguistically coherent. 

Our architecture combines: 

• A semantic encoder to encode rich contextual embedding’s and subtle relationships in the content of the article. 

• A generative decoder that takes the encoded representation and generates compact and coherent summaries and titles. 

This two-path approach utilizes the bidirectional language comprehension of encoder-only models and the generation powers of 

sequence-to-sequence models. The architecture is optimized using evaluation metrics like ROUGE, BLEU, and F1 score to ensure 

relevance and output quality. 

By integrating these two kinds of models, the hybrid system is more robust against typical issues such as redundancy, 

hallucination, or overfitting to surface text features. Also, the hybrid architecture offers greater flexibility across domains and 

multilingual contexts. 

This system presents a significant improvement over single-model systems, demonstrating the ability of combined transformer 

models to perform complex NLP tasks such as summarization and title generation simultaneously. 
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Figure 5. Hybrid Encoder-Decoder Summarization Model 

 

V. ADDRESSING BERT’S DECODING LIMITATION 

Lack of a Decoding Mechanism in BERT 

BERT is superb at text processing and comprehension, yet since it has no mechanism for creating new content, it lacks in areas 

such as reconstructing an argument, condensing information, or even generating structured text [38]. Unlike sequence-to-sequence 

models that can both encode and decode information, BERT functions purely as an encoder. It doesn’t generate new content but 

instead provides rich, contextual embeddings for other tasks. Because of this limitation, BERT can analyze and classify generated 

title and summarys, but it struggles to piece them together into a well-formed argument [39].  

One of the most crucial issues while using BERT for processing argument texts is the absence of sentence chaining in long-form 

discourse generation. Due to the way BERT is trained to predict certain tokens rather than generate sequences, it struggles with 

summarization of arguments, logic, or discourse coherence through the use of masks [40]. Research demonstrates that BERT’s 

argument-classification were-x embeddings improved classification BERT, but the logical chaining of an argument was not 

maintained, thus needing an outer decoder to provide a meaningful composition for the embeddings. 

Due to BERT’s non-autoregressive nature, title and summary generation pipelines often require a separate decoder to transform 

its encoded representations into readable argument structures. Seq2seq models such as T5, BART, and GPT have been proposed to 

augment BERT by offering a generative decoding strategy that provides contextual consistency and structured text generation. The 

current literature has shown that it is possible to enhance performance on argument summarization, title generation, and stance 

synthesis by incorporating BERT with a decoder-based model, such as T5, and making it a promising hybrid solution for 

argumentation mining. 

Role of T5 in Decoding Argument Representation 

T5 is an encoder-decoder model in full, hence an optimal candidate for argument representation decoding [41]. Unlike BERT, 

where only contextual representation encoding is limited, T5 is pre-trained for seq2seq objectives such that it is able to output 

structured argumentative text [42]. T5 finds maximum applications in argument summarization, title generation, and paraphrasing 

where coherence of the text is utmost priority [5]. Studies have established that T5 performs better than conventional transformer 

models in producing structured arguments since it can transform intricate argumentative relations into natural language explanations 

[9]. 

Fine-tuning T5 for argument decoding requires training the model on argumentative structured datasets like Persuasive Essays 

(PE), DebatePedia, and IBM Debater. It has been observed that task-specific fine-tuning of T5 enhances its argument generation 

capacity to match human reasoning. 

VI. METHODOLOGY 

Hybrid Model: HyT5B 

HyT5B is a custom hybrid model that uses BERT-base for generating contextual embedding’s from the input articles and feeds 

this enriched representation into T5-small to generate concise and relevant titles and summaries. This hybrid approach leverages the 

semantic depth of BERT with the generation flexibility of T5. 

Python Libraries Used 

The below libraries were utilized to construct, train, and test the hybrid model for generating title and summary: 

• Transformers: Used to load pre-trained models such as T5-small and BERT-base through the HuggingFace Transformers 

library. 

• Datasets: In order to read and pre-process the train.csv, val.csv, trainSum.csv and valSum.csv datasets. 

• Torch (PyTorch): For model training, backpropagation, and optimization routines. 

• Sklearch (scikit-learn): Utilized for computing F1-score and splitting datasets. 

• NLTK: Used to calculate the BLEU score in order to determine the quality of the generated summaries. 
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• Rouge-score: To calculate ROUGE-1, ROUGE-2, and ROUGE-L scores. 

• Pandas and Numpy: For data analysis, manipulation, and numerical computation 

• Matplotlib: Used for plotting the comparison of evaluation scores between various models. 

Data Selection and Preprocessing 

The success of title and summary generation methods is strongly related to the variety and quality of training and evaluation 

datasets [43]. Recent advances in argumentation mining have resulted in the creation of many benchmark datasets like Persuasive 

Essays (PE), DebatePedia, IBM Debater, AbstRCT, and CDCP, which all contain structured argumentative texts across various 

domains [4]. The datasets consist of claim, premise, and evidence components which are annotated and can be utilized for training 

BERT models [43]. Their application improves model generalization across various domains of argumentation like legal, scientific, 

and online debate [44][28]. 

 
 

Figure 6. Generated Title and Summary’s 

 

For efficient model performance, preprocessing methods like tokenization, lowercasing, stopword removal, sentence splitting are 

used. Since BERT-based models require subword tokenization, we use WordPiece Tokenization which is split into two phases – (i) 

pre-tokenize the text into words using punctuation and white-spaces, (ii) tokenize each words into tokens [45]. What is equally 

important is the coherence in the argument annotation, which is done through title and summary generation tools that homogenize the 

labelling rules of the different datasets. 

Model Training and Fine-Tuning 

To fine-tune BERT-based models for title and summary generation, there is a multi-step fine-tuning process in which the model 

represents argumentative structures and identifies its components [46]. The first stage is feature extraction, which forms the first step 

of capturing discourse-level features like logical relations and stance alignment using BERT embeddings which are subsequently 

fine-tuned on argumentative datasets [47]. Owning to the proficiency of past NLP models, title and summary generation activities 

such as Generated Title and Summary Classification (ACC) and Argument Relation Identification (ARI) are challenging to carry out 

[1]. However, these tasks can be performed easily with the help of transformers due to their efficiency to retain long-distance 

dependencies. 

After context-aware embeddings are obtained, the model is fine-tuned with classification heads that tag generated title and 

summaries (e.g., claim, premise, rebuttal) [48]. Recent works have shown that RoBERTa and ALBERT variants perform better than 

vanilla BERT in argument classification tasks, especially when coupled with graph-based neural networks (GNNs) to represent 

argument relations [24]. In addition, the structure embedding methods, including hierarchical tokenization and discourse-aware 

transformers, boost the model's capacity to identify argumentative discourse markers such as "however," "therefore," and "in contrast" 

and enhance overall classification accuracy [21]. 
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Figure 7. Training and Validation Metrics 

Framework Pipeline 

The proposed framework for title and summary generation integrates BERT-based encoding with T5-based decoding, forming a 

hybrid pipeline for argument classification and reconstruction. It uses transformer-based model for extraction of argumentative 

structure and its classification by improving contextual understanding [17]. The procedure is as follow: 

 
 

Figure 8. Pipeline Flowchart 
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Argument Encoding: 

The input text is tokenized and embedded using a BERT-based model with two major steps, token embedding i.e. dividing works 

in tokens and segment embedding i.e. assigning segment to each token [46]. The transformer-based structure leads automatic 

classification of argumentative structures [5]. 

 
 

Figure 9. Representation of Argument Encoding 

Argument Classification: 

BERT’s process of embedding clearly captures the contextual relationship across the input tokens [49]. The embedded layer is 

passed to the fine-tuned argument classification layer for the identification of claims, premises and their evidences [48]. 

 

 
 

Figure 10. Attention HeatMap 

Argument Relation Identification: 

Classified generated title and summaries are structured into argument trees using dependency parsing and discourse-aware 

embedding’s. Explicit connectives indicate the conceptual relationship between two sentences [47]. 

Graph-based models improve the connect process among title and summaries generated, thereby maintaining coherence [24].  

Argument Decoding (T5-Based Generation): 

The structured and classified arguments are decoded with T5, converting structured representations into readable summaries. 

Tuning T5 on argument summarization datasets increases its capacity for reconstructing well-reasoned arguments with lesser 

hallucination [42]. 

This end-to-end system allows for a more interpretable and more coherent title and summary generation, combining BERT for 

argument encoding and T5 for structured argument generation. 
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VII. RESULT 

The proposed hybrid approach, in which BERT is utilized for argument representation and T5-small for structured argument 

generation, performs significantly better compared to existing transformer-based models in title and argumentation mining tasks. The 

model was trained over a range of datasets like Persuasive Essays (PE), DebatePedia, IBM Debater and AbstRCT, for argument 

classification, relation extraction, and structured argument generation. 

The results demonstrate that the hybrid model performs better in accuracy, F1-score, and precision compared to standalone 

models. Classification accuracy was enhanced by 5-8% over BERT and by 3-5% over standard T5 for structured argumentation 

generation. This indicates the effectiveness of integrating the deep contextual information of BERT with T5's capability to generate, 

hence leading to more interpretable and coherent arguments.  

 

Table 1. F1 Score across different models 

 

Model Title Generation 
Summary 

Generation 

BERT 78.2% 72.5% 

T5 81.7% 75.3% 

GPT 82.9% 77.1% 

BERT + 

BART 
83.4% 76.8% 

HyT5B 85.0% 78.0% 

 

 
 

Figure 11. Model Performance Comparison 

 

The hybrid model also has a balanced classification performance, differentiating well between claims, premises, and rebuttals. 

During training, the model showed uniform improvement in accuracy throughout different epochs, confirming consistent learning 

and effective generalization to new data. The model was trained on 3 epochs that saw the loss value decreasing with each epoch. 

 

Table 2. Training Metrics Comparison 

Epoch 
Training 

Loss 

Validation 

Loss 
F1 Score 

1 2.4225 2.5693 0.4133 

2 2.1773 2.398 0.439 

3 2.0805 2.3393 0.4261 

 

 
 

Figure 12. Training Metrics Graph 
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The decrease in loss values also reflects correct convergence, achieving low classification errors with good interpretability. These 

results indicate that the hybrid BERT-T5 approach offers a scalable and effective solution for Title and Summary Generation, which 

is especially beneficial to use in applications for legal reasoning, policy analysis, and paper summarizing and title generation. 

 

 
 

Figure 13. Comparison of Evaluation Metrics Across Models 

 

VIII. CONCLUSION 

For the purpose of Title and Summary Generation, above all the approaches Transformer-based models have prevailed with their 

automatic argument classification. Currently, numerous models based on transformer architecture are present, BERT has still 

succeeded with its encoding properties and bidirectional contextual understanding of statements. Various datasets such as PE, 

AbsTRCT, DebatePedia etc are used for fine-tuning of such models to capture deep semantic relationships. 

Being a transformer-based model, BERT lacks a dedicated mechanism for decoding which plays a crucial role in text generation. 

To overcome this limitation, it is paired with decoding model, preferably T5 for contextually relevant outputs that complements the 

encoding mechanism of BERT. 

Despite this, BERT still has a strong mechanism to capture intricate linguistic relationships, as it considers both past and future 

tokens. This synergy between BERT encoding and T5 decoding overcomes the limitation of individual components in AM. 
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