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Abstract. This research proposes an integrated approach to text summarization,
extending the T5 transformer model’s capabilities to include not only textual data
but also audio and images. Leveraging the T5 transformer’s versatility in natu-
ral language processing, we fine-tune the model on a substantial corpus of text
documents for effective text summarization. Additionally, we integrate audio and
image processing modules into the system, employing speech-to-text conversion
for audio and feature extraction techniques for images. Our unified summariza-
tion framework seamlessly handles multi-modal data, allowing users to input text,
audio, or images, and generates cohesive and informative summaries. This innova-
tive approach enhances theT5 transformer’s capabilities and addresses the growing
demand for summarization in diverse data formats.

Keywords: T5 Transformer · Text Summarization · Multi-Model
Summarization

1 Introduction

The process of condensing a textual document into a brief summary, highlighting itsmain
concepts, is referred to as text summarization. This process involves utilizing software
to reduce the length of a text document, providing an abstract or summary of the actual
material. Themain objective of text summarization is to extract crucial information from
extensive text bodies. However, due to the investment of a lot of time on the nature of
the process and the continuous influx of information, this task is becoming increasingly
challenging.

There are two primary ways of approaching to text summarization:
Extractive Summarization & Abstractive Summarization: Extractive methods [1]

means the kind of summarization [2] by selecting key phrases or sentences from the
original text and piecing them together to create a condensed version as shown in Fig. 1.
On the other hand, Abstractive Summarization [3] relies on condensing and paraphrasing
portions of a document using sophisticated natural language techniques [4]. Abstractive
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methods [5], particularly those based on the advancedmodels of deep learning [6, 7], can
generate fresh words and phrases to accurately reflect the source text’s content, helping
overcome grammatical errors as shown in Fig. 2.

Fig. 1. Extractive Text Summarization

Fig. 2. Abstractive Text Summarization

The inclusion of three distinct data formats—PDF files, audio transcripts, and text
extracted from images—extends the project’s applicability. PDFs often contain rich
textual information, and our project focuses on extracting and summarizing key insights
from these documents [8]. Furthermore, the conversion of spoken words in audio files
to text enables the summarization of spoken content, opening avenues for applications
in podcast summarization, voice note analysis, and more.

The overarching goal of our research is to compare and develop a tool for automatic
summarization, leveraging principles of natural language processing. With the growing
need for automatic summarization to eliminate manual labor, the focus is on creating a
tool that can efficiently produce summaries from input formats like text, images, audio.
This research aims to extract or generate a summary from lengthy documents, catering
to various applications such as writing headlines for news channels, creating briefings,
note-taking, and generating highlights for speeches. The advanced techniques of Deep
learning, especially in the field of natural language processing, plays a crucial role in
achieving the objectives of this research.

2 Literature Review

Chaitan Raju, Subash Voleti, and Teja Rani M. [9] collaborated on a project focused on
text extraction and summarization through natural language processing and the Google
Text-to-Speech model. One drawback of their approach was its reliance on extractive
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summarization, lacking paraphrasing capabilities, and utilizing the TextRank [10] algo-
rithm. In contrast, T5, a transformer-based model, employs graph-based methodologies
and heuristics. T5 demonstrates superior ability in capturing contextual relationships
and dependencies among words within sentences or documents compared to TextRank.
Additionally, T5’s training on extensive datasets enables it to develop nuanced language
representations, whereas TextRank depends on heuristics alone. T5’s adaptability for
specific domains or tasks through fine-tuning sets it apart from TextRank, rendering it a
more sophisticated and efficient approach to text summarization.

Batra, Pooja; Chaudhary, Sarika; Bhatt, Kavya; Varshney, Saloni; and Verma, Srishti
conducted a project titled “A Review - Abstractive Text Summarization Techniques
using the NLP.” An identified limitation of their approach was its reliance on abstractive
summarization with LSTM [11] and RNNmodels [12]. Transformers, however, surpass
LSTM and RNN architectures in text summarization by adeptly learning the intricate
relationships between words in sentences or documents, leading to more precise and
informative summaries.

2.1 Automated Document Summarization

The automation of document summarizationwithin the field of natural language process-
ing (NLP) has become a focal point for researchers. Initially, methods relied on statistical
features such as frequency and centrality to rank sentences [13] for summarization. With
the introduction of machine learning in the 1990s, a shift towards extractive summariza-
tion occurred, wherein essential phrases were extracted from texts without full semantic
comprehension. Deep learning techniques [14], including encoder-decoder classifiers
and LSTM networks [15], furthered progress in extractive summarization. Advance-
ments were also made in abstract summarization [16], utilizing RNNs [17] and LSTM
models [18]. The emergence of transformer [19] architectures like BERT and BART
in 2017 revolutionized text summarization, marking a significant milestone in NLP
progress [20].

2.2 Semantic Style Rendering

Semantic Style Renderingwithin NLP involvesmodifying text styles [21] while preserv-
ing original content, crucial for applications like creative writing and sentiment analysis.
Initially, manual rule-based methods were predominant but were limited in adapting to
evolving styles. The emergence of deep learning, particularly seq2seq models [22], rev-
olutionized the field by enabling encoding [23] and generation of text. More recently,
generative adversarial networks (GANs) [24] have been employed, with a generator
crafting desired styles and a discriminator distinguishing generated from authentic text.
These advancements automate style modification, improving adaptability to changing
linguistic trends and broadening applicability across various NLP tasks.
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3 Design

The following steps in Fig. 3 depicts the end to end implementation of the proposed
application:

Start: The process begins with selecting the type of data to summarize. The available
options are TEXT, IMAGE, PDF, and AUDIO.

Fig. 3. Flow of end-to-end application

Image and PDF Data: For IMAGE and PDF data types, the application first extracts
text from the respective files. Converting images to text via OCR involvesmanaging font,
size, and image quality variations. The process includes scanning, preprocessing for clar-
ity, recognizingmulti-language scripts, employing patternmatching or feature extraction
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for accurate text recognition, and converting the extracted text into digital formats, often
creating annotated PDFs to display the original image alongside the recognized text.

After extracting text, it follows the same path as text data: reaching the T5 model for
summary generation.

Audio Data: When the selected data type is AUDIO, the application extracts text
from the audio file. Again, the process continues to the T5 model for generating a
text summary. Converting spoken audio into text involves two key functions: ‘con-
vert_mp3_to_wav’ and ‘audio_to_text’. The former converts MP3 to WAV, while the
latter transcribes speech to text using Google’s service. The process encompasses typ-
ical stages: audio input, preprocessing, feature extraction, acoustic and language mod-
eling, decoding, post-processing, and output. These stages collectively enable accurate
transcription and formatting of spoken content for various applications.

Error Handling: At the bottom left corner, there’s an error handling mechanism
labeled as “PLEASE ENTER VALID DATA.” This ensures that the user provides valid
input.

4 Implementation

Our project aims to summarize text comprehensively, showing transformer models’
adaptability. We provide a unified solution for extracting and summarizing content from
diverse sources.

4.1 Dataset

The CNN/DailyMail Dataset comprises over 300k distinct news articles in English,
authored by some journalists from CNN and also from the Daily Mail. Initially designed
formachine-based reading and comprehension, aswell as abstractive question answering
through which the current iteration of the dataset accommodates both extractive and
abstractive summarization tasks.

Data Fields

1. Unique identifier (ID): A sequence of characters presenting the SHA1 hash in
hexadecimal format derived from the URL source of the story.

2. Article Body: A textual representation encompassing the content of the news report.
3. Article Highlights: A textual representation capturing the salient features of the

article, articulated by its author.

Data Splits. TheCNN/DailyMail dataset comprises three divisions: training, validation,
and testing. Provided inTable 1. are the statistics pertaining toVersion 3.0.0 of the dataset.

Our implementation involves extracting textual content from PDFs, converting audio
to text, and using OCR for text in images. This feeds into the T5 model, known for NLP
tasks. Text summarization is vital for distilling large volumes into concise summaries. T5
handles different input and output formats effectively. Our project’s inclusion of PDFs,
audio transcripts, and OCR for images extends its applicability. We address technical
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challenges in handling varied data and emphasize efficient information summarization.
The synergy between T5 and diverse input formats reflects NLP’s evolution towards
inclusive solutions.

Table 1. The statistics pertaining to Version 3.0.0 of the dataset

Dataset Number of Instances in Split

Training Dataset 287k

Validation Dataset 13k

Testing Dataset 11k

4.2 Preprocessing and Tokenization

Preprocessing plays a crucial role in T5 text summarization, ensuring that the input data
is appropriately formatted for the model. Here are key preprocessing steps commonly
applied in T5 text summarization:

Data Cleaning. It’s common to perform standard text cleaning steps, such as removing
irrelevant characters, punctuation, or special symbols, to enhance the quality of the input
data.

Input Formatting. T5 is designed for a kind of text to text framework, where both the
input and the output are treated as sequences. The input text is typically formatted to
start with a specific task prefix, such as “summarize:” to instruct the model to perform
text summarization.

Tokenization. The input text is tokenized using the T5 model’s tokenizer. This involves
breaking down the text into tokens, which could be words, subwords, or characters. Let
Tokenize(x) represent the tokenization function, where x is the input text.

x = "The T5 model is a powerful tool for text summarization."

Tokenize(x) = ["The", "T5", "model", "is", "a", "powerful", "tool", "for", "text",

"summarization", "."]

4.3 Proposed Framework

The project aims to develop aweb-based tool for text summarization utilizing abstractive
techniques to extract pertinent information from documents, while filtering out irrelevant
content. This involves leveraging the CNN Daily Mail dataset alongside T5 (Text - to -
Text Transfer Transformer), an advancedmodel that converts language complexities into
a text to text format. CNN/DailyMail dataset comprises 311,971 recent articles, parti-
tioned into training, testing, and validation sets. Prior to model construction, the dataset
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undergoes preprocessing, including tokenization, lowercase conversion, and removal of
stopwords and quotations.

The T5 model undergoes training using the training dataset and is evaluated using
Rouge Score. Following the training phase, testing is conducted using reserved text data.
Subsequently, the model is implemented to develop a web application, enabling users
to generate summaries from textual inputs as depicted in the Fig. 4.

4.4 Encoding and Decoding in Text Summarization Using T5 Model

In the era of text summarization using the T5 (Text-To-Text Transfer Transformer)model
[25], encoding and decoding refer to crucial steps in the process of transforming raw
text into a format suitable for the model and obtaining meaningful summaries as output.

In the T5 model architecture [26], encoder layers process encoded input text through
transformermechanisms, attending to the input’s vectors to identify important words and
relationships. The decoder then generates the summary token by token [27], attending
to the encoded input to ensure relevance and coherence. Decoding can utilize strategies
like beam search or greedy decoding, with beam search considering multiple candidate
tokens and greedy decoding selecting the token with the highest probability. This con-
ditional generation mechanism allows T5 to focus on salient information while crafting
summaries [28]. Overall, T5’s encoder and decoder [29] components work in tandem to
transform raw text into concise and informative summaries.

Encoding. Encoding involves converting the input text into a format of numerical repre-
sentation that the model can make mathematics operations on. This is achieved through
tokenization, where the text is partitioned down into smaller units termed to be tokens,
and each token is mapped to a unique numerical ID. Encoding allows the model to pro-
cess textual information in a structured numerical format. The encoded representation
captures the semantic and contextual information of the input text.

Encode(x) = [101, 1109, 2047, 1110, 170, 3102, 6991, 1111, 3793, 113, 119, 102]
Numerical Representation. Each token is assigned a unique numerical ID. The entire
sequence of the tokens is then coined as a tensor, a numerical matrix, where each entry
corresponds to the ID of the corresponding token. Let Encode(x) represent the encoding
function, which converts tokens into numerical IDs.

Decoding. Decoding is the reverse process of encoding. It involves converting the
model’s numerical output back into human-readable text. In the context of text
summarization, decoding is applied to the generated summary.

Token Decoding. The model’s output, typically a sequence of token IDs, is decoded
using the inverse mapping of the tokenizer. Each token ID is converted back into its
corresponding word or subword. Let TokenDecode(y) represent the token decoding
function, where y is the model’s output sequence of token IDs.

y = [101, 1109, 2047, 1110, 170, 3102, 6991, 1111, 3793, 1130, 119, 102]
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Fig. 4. Flow of Summarization Model
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TokenDecode(y) = ["The", "T5", "model", "is", "a", "powerful", "tool", "for", "text",

"summarization", "."]

Reconstruct(y) = "The T5 model is a powerful tool for text summarization.

Decoding translates the model’s numerical output into a human-understandable for-
mat. The decoded summary provides a concise representation of the key information
in the input text. TextReconstruction: The decoded tokens are combined to reconstruct
the summarized text. Let Reconstruct(y) represent the function that combines decoded
tokens to reconstruct the summarized text.

5 Evaluation

Evaluation metric deals with various versions of Rouge scores that exist, such as Rouge-
N, Rouge-L, Rogue-S, Rouge-N evaluates the overlap of n-grams between the generated
summary and the reference summary, while Rouge-L computes the longest common
subsequence between them. Rouge-S, a derivative of Rouge, concentrates on sentence-
level similarity.

Fig. 5. Thechart representation for the count of tokens presents before and after the summarization

In Fig. 5, the image consists of two histograms side by side comparing “Full text
token counts” on the left and “Summary text token counts” on the right. - Both histograms
are plotted against count on y-axis but have different scales for x-axis due to differing
lengths of full texts and summaries. - The histogram for full text shows a sharp peak
at the beginning indicating most articles have a token count less than 2500; it then
sharply declines. - In contrast, summary text histogram has a more normal distribution
centered around approximately 100 tokens, indicating summaries are relatively concise
and consistent in length.

ROUGE-1 measures how much the words in the candidate summary match those in
the reference summary, using individual words (uni-grams). Recall shows the proportion
of words from the reference summary that are in the candidate summary, while Precision
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shows how many of the words in the candidate summary are actually in the reference
summary.

ROUGE − 1 =
∑

summary∈Model Count of Unigrams(summary) ∩ Count of Unigrams(Reference)
∑

summary∈Model Count of Unigram(summary)
(1)

ROUGE-2 evaluates similarity by looking at pairs of consecutive words (bi-grams)
in both the candidate and reference summaries.

ROUGE − 2 =
∑

summary ∈ Model Count of Bigrams(summary) ∩ Count of Bigrams(Reference)
∑

summary∈Model Count of Bigram(summary)
(2)

ROUGE-L calculates Precision and Recall by finding the longest sequence of words
(LCS) that appear in both the candidate and reference summaries, even if they’re not
right next to each other.

ROUGE - 1. Assesses the unigram correspondence between the summaries generated
by the model and the collection of human generated reference summaries.
ROUGE - 2. Evaluates the bigrammatch between the summaries produced by the model
and a group of human-generated reference summaries.
ROUGE - 3. Determines the longest common subsequence agreement between the
model-generated summaries and the reference summaries created by humans.

ROUGE − L =
∑

summary∈ModelLongest Common Subsequence(summary, Reference)

Total Number of References Summaries
(3)

The Rouge scores from Table 2 highlight varying summarization capabilities, with
T5 exhibiting superior performance, achieving 36.53 on drug reviews and 41.2 on
CNN/DailyMail, compared to an abstractive model’s 32.65 and a seq-to-seq baseline’s
28.83. Specifically focusingon abstractive text summarization using theCNN/DailyMail
dataset, the T5 Transformer model achieves a ROUGE-L score of 41.2 after training on
287,113 news items, indicating high-quality generated summaries and showcasing its
efficacy. Comparison with other datasets [30], such as the “Drug reviews dataset,” where
the T5 model achieved a ROUGE-L value of 36.53, further emphasizes its effectiveness.
Strategies for improvement include utilizing larger training datasets, employing more
complex model architectures, and fine-tuning with domain-specific data. Overall, the T5
transformer model’s adaptability, efficiency, and remarkable performance position it as
a leading solution for abstractive text summarization tasks.

Table 2. Rouge Values Comparison for Text Generation Models

Model Rouge Value

Abstractive Model 32.65

Seq-to-seq attn baseline 28.83

T5 with Drug reviews dataset 36.53

T5 with CNN/DailyMail dataset 41.2
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6 Conclusion

In summary, the text summarization project utilizing the T5model has delivered promis-
ing outcomes, demonstrating themodel’s robust performance across various data formats
including PDFs, audio transcripts, and images. The project’s success is highlighted by
its high ROUGE scores, indicating the model’s effectiveness in producing concise and
informative summaries.While the T5model showcases versatility and adaptability, some
limitations have been noted, particularly in dealing with complex formatting and noisy
audio transcripts. To enhance the project’s capabilities, future efforts will concentrate on
refining preprocessing methods, exploring multimodal summarization, and addressing
deployment considerations for real-time usage. Continuous evaluation of model perfor-
mance and the development of an interactive user interface will further contribute to the
project’s advancement and usability. Ultimately, this project establishes a groundwork
for advancing text summarization techniques and opens avenues for future research in
natural language processing and multimodal data analysis.

FutureWork. In addition to future work, several avenues for improvement and expan-
sion in the domain of text summarization are proposed. Advanced preprocessing tech-
niques are suggested, aiming to enhance Optical Character Recognition (OCR) for
extracting text from images and to improve the handling of complexPDF layouts, thereby
elevating data quality. The idea of incorporating augmented training data is explored to
expose the summarization model to a broader spectrum of linguistic styles and con-
tent structures. Experimentation with fine-tuning approaches is recommended, particu-
larly tailored to address challenges encountered during audio transcript summarization.
Moreover, the potential extension of the project to support multimodal summarization,
integrating information from various data sources for generating more comprehensive
and contextually rich summaries, is proposed. A focus on user interaction is empha-
sized through the development of an interactive user interface, potentially integrating
advanced visualization tools to facilitate intuitive exploration and evaluation of summa-
rization results. Strategies for performance optimization, including distributed training
and model compression techniques, are suggested to manage resource constraints effec-
tively. Continuous evaluation mechanisms are advocated for, ensuring ongoing assess-
ment of the model’s performance with new datasets and iterative adjustments to the
training process. Lastly, deployment considerations such as model inference speed are
highlighted to ensure real-time applicability in scenarios where rapid summarization
is crucial. By addressing these aspects, the field of text summarization can progress
towards more robust, versatile, and user-friendly solutions.
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