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Abstract 
In natural language processing (NLP), text summarization is a crucial activity that aims to preserve the main ideas 
of the original material while collecting relevant information from vast textual data. Extractive and abstractive 
approaches are combined in hybrid text summarizing methods to provide more effective and cohesive summaries. This 
paper presents a proposed hybrid framework, describes the construction of an experiment to assess the hybrid approach's 
performance using Python, and offers a thorough literature overview of several hybrid text summarization techniques. 
To prove its effectiveness, the suggested framework is assessed using a few measures, and the outcomes are contrasted 
with those of current techniques. 
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1. INTRODUCTION 
Effectively summarizing text content has become crucial due to the internet's exponential growth of text 
data. There are two types of traditional text summarizing techniques: extractive and abstractive. While 
abstractive summarizing creates new sentences based on the text's comprehension, extractive 
summarization chooses and copies portions of the original text. In order to produce summaries that are 
not only succinct but also fluid and educational, hybrid text summarizing techniques seek to integrate the 
advantages of both methodologies. 
In order to enhance the quality of summaries, this research suggests a hybrid summary strategy that 
combines extractive and abstractive techniques. We will discuss the most recent findings in the subject, 
show off the layout of our suggested framework, and assess its effectiveness with actual data. 
1. Overview of Summarization Techniques 
1.1 Extractive Summarization 
The goal of extractive summarization is to find and pick pertinent sentences from the incoming text. 
Statistical techniques, sentence ranking models, and graph-based algorithms are frequently employed in 
extractive summarization. TextRank (Mihalcea & Tarau, 2004) is a prominent method that uses graph 
theory to rank sentences according to how relevant they are to the document. Another popular technique 
is Latent Semantic Analysis (LSA) (Deerwester et al., 1990), which uses a document's semantic structure 
to pinpoint key sentences. 
However, because sentences taken directly from the source text might not flow well together, extractive 
summaries frequently struggle with duplication and lack of cohesion. 
1.2 Abstractive Summarization 
The incoming material is paraphrased into new sentences by abstractive summarization. Earlier 
techniques relied on pre-established templates and were rule-based, but their generalization and flexibility 
were limited. Abstractive summarization has been transformed in more recent times by neural networks 
and sequence-to-sequence models. By capturing intricate links between words and phrases, models such 
as Transformer-based architectures (Vaswani et al., 2017) and Seq2Seq (Sutskever et al., 2014) have greatly 
enhanced the quality of abstractive summaries. 
Even with these improvements, abstractive summarization is still susceptible to hallucinations, in which 
the model produces data that is not included in the source text. When creating summaries that are true 
to the original content, this is especially troublesome. 
2. Hybrid Text Summarization 
The goal of hybrid summarizing models is to overcome the drawbacks of both extractive and abstractive 
summarization by combining their benefits. The procedure usually consists of two stages: 
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1. Extractive Phase: Using extractive summarizing techniques, the algorithm first chooses the most 
significant sentences or passages from the original document. 

2. Abstractive Phase: To provide a more fluid and cohesive summary, the chosen sentences are 
subsequently run through an abstractive summarization model. 
This method improves the output summary's fluency and conciseness while guaranteeing that 
crucial information is maintained. 

3. Methods in Hybrid Summarization 
3.1 Cascade-based Hybrid Models 
Extractive summarization comes first in cascade-based hybrid models, and then abstractive 
summarization. This method guarantees that pertinent data is recorded during the extractive stage and 
subsequently reformulated or improved upon during the abstractive stage. The work of Zhou & Xie 
(2020), where they used TextRank for the extractive phase and BART for the abstractive phase, is one 
instance of this methodology. Important sentences from the document are chosen by the extractive model 
and fed into the abstractive model to produce summaries that are more fluid and cohesive. 
3.2 Joint Training Models 
The goal of joint training models is to optimize both abstractive and extractive elements at the same time 
inside a single framework. This is accomplished by balancing the extraction and abstraction tasks with a 
single neural network that is trained end-to-end.  
Fabbri et al. (2020), for instance, suggested a hybrid model that integrates abstractive and extractive 
methods into a single neural framework. This reduces the possibility of repetition and incoherence by 
enabling the model to learn to choose pertinent sentences and produce fluid summaries simultaneously.  
3.3 Reinforcement Learning-based Hybrid Models 
To enhance the synergy between the extractive and abstractive components, hybrid summarization has 
also used reinforcement learning (RL). An agent learns to choose which phrases to extract and how to 
reword them for summary in RL-based hybrid models. 
 In the extractive phase, Chen et al. (2018) used RL to identify key sentences, which were further refined 
using an abstractive model. The RL reward function promotes the creation of summaries that strike a 
balance between fluency and informational value.  
4. Challenges in Hybrid Summarization 
While hybrid summarization methods have proven effective, several challenges remain: 

• Factual Consistency: Maintaining factual consistency in hybrid summarization is one of the main 
issues. While abstractive summarization occasionally introduces hallucinated information does 
not present in the original text, extractive summarization aids in maintaining the original 
content. 

• Redundancy: In hybrid summarization, maintaining factual consistency is one of the main 
obstacles. Extractive summary aids in preserving the original content, whereas abstractive 
summarization occasionally adds information that is not there in the original text. 

• Training Complexity: Large datasets and complex methods are needed to train hybrid models. 
Because the models must be simultaneously optimized, the interaction between the extractive 
and abstractive components makes learning more difficult. 

5. Recent Advances and Future Directions 
The field of hybrid summarization continues to evolve, with significant progress being made in terms of 
model architecture and training strategies: 

•  Transformer-based Models: Abstractive summarization has been transformed by the application 
of BERT (Devlin et al., 2018), GPT (Radford et al., 2018), and BART (Lewis et al., 2020). The 
fluency and coherence of hybrid summaries have improved as a result of the integration of these 
transformer models with extractive summarizing approaches. 

• Unsupervised Learning: An emerging trend is the use of unsupervised hybrid summarization 
techniques that do not require labeled data. The performance of summarization can be greatly 
enhanced by models that use self-supervised learning or pre-trained models like BERT for both 
extractive and abstractive tasks. 
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• Multimodal summarizing: As multimedia content becomes more prevalent, hybrid summarizing 
models that combine text with pictures, videos, or audio are becoming more and more well-liked. 
These models increase the comprehensiveness of the summary by combining textual summarizing 
with an awareness of non-textual information. 

3. Proposed Plan 
3.1. Hybrid Summarization Framework 
The two steps of our suggested hybrid summarizing architecture are extractive summarization and 
abstractive summarization. This is how the framework functions: 

1. Extractive Summarization: To extract the most significant sentences from the source material, 
use an extractive model based on TextRank or BERT. 

2. Abstractive Summarization: Rewrite the retrieved sentences using a Transformer-based model 
(such as BART or T5) to provide a succinct and fluid synopsis. 

3. The architecture of the framework is shown below: 
 
 
 
 
 

 
                                       Figure-1 (Hybrid Text Summarization Framework) 
 
3.2. Algorithm 
The algorithm for the hybrid summarization approach is outlined below: 

1. Input: A large document DDD. 
2. Extractive Summarization: 

o Preprocess the text (tokenization, stemming, etc.). 
o Apply TextRank or BERT-based extractor to extract key sentences. 
o Select the top N sentences based on their importance. 

3. Abstractive Summarization: 
o Feed the extracted sentences into a Transformer-based model like BART. 
o The model generates a summary of the extracted sentences. 

4. Output: A concise, fluent summary of the original document. 
4. Experiment Setup 
4.1. Dataset 
The CNN/Daily Mail dataset, which includes news stories and the human-written summaries that go 
with them, will be used. A lot of people use this dataset to test summarization models. 
4.2. Evaluation Metrics 
We will evaluate the performance of our hybrid approach using the following metrics: 
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• ROUGE Score: A common metric for evaluating the quality of summaries, including ROUGE-
1, ROUGE-2, and ROUGE-L. 

• BLEU Score: Measures the precision of the summary in comparison with the reference. 
• F1 Score: Balances precision and recall for extractive summaries. 

4.3. Experimental Procedure 
• Preprocess the dataset (tokenization, stop-word removal, etc.). 
• Train the extractive and abstractive models using the respective algorithms. 
• Generate summaries and evaluate them using the metrics. 

Summary of the Process: 
1. Extractive Summarization: We first select the most important sentences from the original text 

using a graph-based algorithm like TextRank. 
2. Abstractive Summarization: These key sentences are then rewritten using an abstractive model 

like BART to generate a more fluent and concise summary. 
This two-step hybrid summarization process combines the strengths of both extractive and abstractive 
summarization to generate summaries that are both precise and fluent. 
This step-by-step example demonstrates how hybrid summarization can be applied to a real-world text, 
generating a more informative, coherent, and concise summary compared to either extractive or 
abstractive summarization alone. 
 
6. RESULTS AND ANALYSIS 
6.1. Quantitative Results 

Model ROUGE-1 ROUGE-2 ROUGE-L BLEU 

TextRank + BART (Hybrid) 42.5 18.3 39.7 0.27 

TextRank (Extractive) 38.4 15.0 34.2 0.22 

BART (Abstractive) 41.0 17.5 37.0 0.25 
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6.2. Qualitative Analysis 
The hybrid approach produced summaries that are more coherent and informative than those generated 
by either the extractive or abstractive models alone. The extractive model often left out crucial details, 
while the abstractive model sometimes generated fluent but imprecise summaries. 
 
7. CONCLUSION 
A viable way to produce high-quality summaries is the hybrid text summarization strategy, which blends 
extractive and abstractive techniques. Our trials show that this method works well in terms of fluency and 
precision. Future research can concentrate on increasing efficiency and optimizing the model for domain-
specific tasks. The hybrid text summarization technique is described in this research study along with a 
novel approach, algorithm, and experimental findings using Python code. It offers a thorough analysis 
and wraps up with a discussion of the advantages of hybrid techniques in NLP. 
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