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1.Introduction
Text compression is becoming increasingly
important in the digital age, as large
amounts of data are being created and
stored. To effectively store and transmit this
data, it must be compressed to minimize the
number of tokens used. The challenge is to
compress the text while preserving the
complete information contained in the
original document. A revolutionary approach
to text compression has recently been
developed that provides a novel solution to
this problem. It utilizes new algorithms and
techniques that allow for the efficient and
effective minimization of tokens while still
preserving the entire information content.
In today's digital age, information is
constantly being created and shared at an
unprecedented rate. With so much data
being produced, it's become essential to
develop effective methods of compressing
information in order to conserve storage
space and increase transmission speeds.
However, traditional text compression
methods often sacrifice information for the
sake of token reduction, resulting in a loss
of critical details.
Fortunately, there is a revolutionary new
approach to text compression that promises
to minimize tokens while still maintaining
complete information. This innovative
technique uses advanced algorithms to
optimize compression and deliver
unprecedented levels of efficiency. In this

paper, we will explore this novel approach
and its potential applications, as well as
discuss the benefits of optimizing text
compression for today's data-intensive
world.

2.The Challenge of Balancing Token

Reduction and Information Preservation
Text compression is an essential technique
for minimizing storage requirements and
improving processing speed for Large
Language Models (LLMs). However,
reducing the number of tokens in a prompt
can often lead to a loss of critical
information, rendering the prompt useless.
Thus, the challenge is to find the perfect
balance between token reduction and
information preservation.
Tokens are essentially the building blocks of
language, representing each individual word
or piece of information within a prompt.
However, when it comes to LLMs, these
prompts can quickly become lengthy and
unwieldy, leading to slower processing
times and increased storage requirements.
While token reduction is an obvious solution
to these challenges, it often leads to a loss
of information that is crucial to the task at
hand. Maintaining complete information
within a prompt is critical for LLMs to
perform their intended functions and make
accurate predictions.
The balancing act between token reduction
and information preservation requires an




innovative approach to text compression.
And this is precisely where our revolutionary
approach comes in. Next, we'll take a closer
look at how our novel approach to text
compression works, and how it can be used
to improve LLM performance across a
range of applications. Our novel approach
to text compression revolves around the
optimization of tokens while maintaining
complete information within a prompt. By
carefully analyzing the prompt's content, we
can identify redundant or irrelevant
information and eliminate it, while
preserving the critical information necessary
for LLMs to make accurate predictions. This
process allows us to significantly reduce the
number of tokens without sacrificing the
guality of the prompt, ultimately leading to
faster processing times and lower storage
requirements for LLMs.

Our approach is based on a combination of
machine learning techniques and advanced
algorithms that analyze the prompt's
structure and content to determine which
tokens are necessary for the task at hand.
The process involves identifying patterns
and relationships between the tokens and
using this information to minimize the
number of tokens without losing the
semantic meaning of the prompt.

Our approach can reduce the number of
tokens in a prompt while maintaining the
same level of accuracy and performance as
the original prompt. This means that LLMs
can process prompts faster and with less
storage requirements, leading to significant
cost savings for organizations that rely on
these models.

The benefits of optimizing text compression
go beyond cost savings. By reducing the
processing time and storage requirements
of LLMs, our approach enables these
models to handle larger and more complex
data sets, leading to more accurate

predictions and better overall performance.
This has numerous applications, including
natural language processing, machine
translation, and text classification. In
addition to the potential applications
mentioned above, optimizing text
compression can also improve the
performance of LLMs in other areas, such
as sentiment analysis, topic modeling, and
information retrieval. By reducing the
number of tokens in a prompt, LLMs can
more effectively identify patterns and
relationships between words, leading to
more accurate predictions and better
insights.

Furthermore, our approach can be
customized for specific industries or use
cases, allowing organizations to tailor their
LLMs to their unique needs. For example, a
healthcare organization might use our
approach to compress patient data prompts
while maintaining the necessary medical
information for accurate diagnoses and
treatment recommendations.

Overall, optimizing text compression is a
game-changer for the world of LLMs. By
minimizing tokens while preserving
complete information within a prompt, our
approach enables LLMs to perform more
effectively, process faster, and require less
storage, leading to significant cost savings
and improved performance. As natural
language processing becomes increasingly
important in a wide range of industries, our
approach to text compression has the
potential to transform the way organizations
utilize LLMs and unlock new opportunities
for innovation.

3.Gap Identification
The need for a new text compression
method arises from several factors and
gaps in existing techniques. Although
various text compression methods have




been developed, there are still challenges
and opportunities for improvement. There
are mainly two approaches to data
compression i.e. Lossy compression and
Lossless Compression

Lossless compression is an approach to
data compression that allows for the perfect
reconstruction of the original data from the
compressed version with no information
loss. It achieves compression by using data
redundancy and patterns, resulting in a
more compact representation. Lossless
compression methods such as Huffman
coding, Run-Length Encoding (RLE), and
Lempel-Ziv-Welch (LZW) are often utilized
in cases where data integrity and correct
reconstruction are crucial. This covers
applications such as text documents,
databases, software files, and archive
storage, where even minor data loss is
undesirable.

Lossy compression is another data
compression approach in which some
information is purposely deleted or lost
during the compression process. It seeks to
improve compression ratios by deleting less
perceptually relevant or superfluous
information from the input. Lossy
compression algorithms use human
perception features and domain-specific
constraints to optimize the compression
process. This approach is commonly used
for multimedia data such as photos, music,
and video when a little amount of
unnoticeable loss may be accepted. Lossy
compression provides for a trade-off
between compression ratios and the
amount of fidelity or accuracy in the
reconstructed data, making it suited for
situations where perceptual quality is more
important than precise replication.

Lossless compression and Lossy
Compression are the two major approaches

to data and text compression. They work by
employing the existing text compression
techniques. Here are some of the popular
existing text compression techniques
available:

Huffman coding: Huffman coding is a widely
used variable-length prefix encoding
method that assigns short codes to words
that occur frequently in text and the long
codes are encoded by short words,
reducing requirements through all storage
or transmission processes. The
compression process involves constructing
a Huffman tree based on the frequency
distribution of letters or words in the text.
The tree then evolves with a different rule
for each letter or word. During
decompression, the signals are drawn using
the same Huffman tree, which reconstructs
the original text. Huffman coding is more
efficient in terms of compression ratio and
decoding speed, making it a popular choice
for varied applications.

Arithmetic coding: Arithmetic coding is a
method of using fractional numbers to
represent characters of variable length for
characters or words in text. Unlike fixed-
length codes, arithmetic coding uses shorter
codes for more symbols with high
probability, resulting in higher compression
ratios. The compression process involves
partitioning the input into differences based
on symbol probabilities. Each symbol is
then represented by a fraction of its
corresponding interval. In decompression,
the original text is reproduced by decoding
the fractional values within the interval
ranges. Arithmetic coding provides a better
compression ratio than Huffman coding
although it requires more computational
resources.



Run-Length Encoding (RLE): Run-length
encoding is a basic yet efficient text
compression technique that encodes a
count and a single occurrence of successive
repeating letters or sentences. It is
especially effective for condensing long
lines of repetitive letters or phrases in text.
The text is compressed by scanning it and
replacing repetitive runs with a count value
and the associated letter or word. The
original text is rebuilt during decompression
by repeating the letter or word according to
the count. RLE produces good compression
ratios for repetitive material but performs
poorly for non-repetitive or extremely
unpredictable text.

BWT (Burrows-Wheeler Transform): The
Burrows-Wheeler Transform is a reversible
text transformation that rearranges text
characters to increase compressibility. It
works by repeatedly accumulating variable
characters and substrings. Subsequently,
other techniques such as Huffman coding or
Arithmetic coding are used to compress the
transformed text. An inverse transformation
is used to reconstruct the original text during
decompression. BWT is particularly good for
texts with repeating patterns or structured
data, providing adequate compression
parameters and allowing for more efficient
compression technigues such as the widely
used BWT-based algorithm bzip2

MTF (Move-to-Front): MTF is a basic but
effective encryption technique that
increases the compression level by
rearranging the characters in the grid based
on their positions to maintain a special set
of characters; it changes their position
depending on who is inside the text. When a
character is encountered, its location is
coded and placed at the top of the list.
During decompression, the original text is

reconstructed by retrieving characters from
the list by labeled positions. For text with
localized repeating patterns. MTF is very
effective for texts with localized and
repeating patterns, yielding large
compression benefits with minimal
computing expense.

Lempel-Ziv-Welch (LZW): LZW is a
dictionary-based compression method that
uses shorter codes to substitute repeated
phrases or substrings. It creates a dictionary
of terms found in the text during
compression on the fly. When a repeated
phrase is discovered, it is encoded with a
code that corresponds to the index of the
phrase in the dictionary. As new terms are
discovered, the dictionary is constantly
updated. The codes are deciphered during
decompression, and the original sentences
are rebuilt using the dictionary. LZW has
excellent compression ratios and is
especially useful for compressing texts with
repeated patterns or structures.

Prediction by Partial Matching (PPM): PPM
is a text compression statistical modeling
approach. Based on the context of the
preceding symbols, it guesses the next
symbol in the text. PPM keeps track of
previously encountered symbols and their
probability. It anticipates the next symbol
based on the context and encodes it using
the probability model during compression.
As new symbols are discovered, the model
is constantly modified. The probabilities are
employed during decompression to recover
the original symbols. PPM achieves high
compression ratios by using statistical
relationships in the text.

Arithmetic Coding with Context Modeling:
To boost compression ratios, this approach
combines arithmetic coding with context



modeling. Context modeling considers the
surrounding context of symbols in order to
forecast probability and define encoding.
More accurate predictions and higher
compression ratios can be obtained by
combining context modeling with arithmetic
coding. The context can be determined by a
variety of factors, including preceding
symbols, nearby symbols, and higher-order
statistical models. To capture local
dependencies and improve compression
efficiency, arithmetic coding with context
modeling is commonly employed in text
compression methods.

Dictionary-based compression techniques
make use of a dictionary or reference table
to substitute frequently recurring words or
phrases in the text with shorter codes. The
dictionary can be pre-defined or generated
dynamically during compression. Scanning
the text, finding terms in the dictionary, and
replacing them with their matching codes
are all part of the compression process. The
dictionary is constantly updated as new
terms are encountered. The codes are
decoded using the dictionary during
decompression to recover the original text.
Dictionary-based compression achieves
large compression benefits for texts with
repetitive phrases or a limited vocabulary.

Transform-Based Compression: Transform-
based compression techniques use
mathematical transformations to turn data
into a more compressible representation,
such as the Discrete Cosine Transform
(DCT). The transform redistributes the
signal's energy, concentrating it in fewer
coefficients that can be encoded more
effectively. Transform-based compression is
widely utilized in picture and video
compression, but it may also be employed
in text compression. Redundancy can be

eliminated by putting the text into a
transform domain, resulting in higher
compression ratios. After that, the altered
data is encoded using techniques like
Huffman coding or arithmetic coding.

The aforementioned methods demonstrate
many approaches to text compression, each
with its own set of properties and trade-offs.
Understanding these approaches provides a
solid foundation for designing the best text
compression strategy.

The need for a new compression strategy
stems from several factors: Increasing
volumes of data: The rapid expansion of
records generated by the explosive growth
of digital products and widespread use of
the Internet Traditional compression
methods may struggle to keep up with the
demand for record volumes. The
effectiveness was consistent.

Handling Diverse Data: Texts come in a
variety of formats, including natural
language texts, lists of documents, legal,
and scientific texts. Specific compression
algorithms may be required to better
capture the specific characteristics of data
types and systems. Another compression
technique can adapt to the unique
requirements of textual data sets, resulting
in efficient compression and recovery
without loss of information.

Information preservation: Although
compression techniques aim to reduce the
size of the data, it is important to preserve
all the information contained in the text.
Losing any information during compression
may result in errors, loss of context, or
compromised data integrity. The new
method must prioritize complete
reproduction of the original text when
pressed at speed.



Adaptability to Emerging Technologies: As
technology advances, new challenges and
possibilities arise for data volumes,
processing capacity, and communication
systems Perhaps input systems already in
use may not be the best choice for the new
situations. New compression methods can
be developed to meet the needs of current
technologies such as big data processing,
cloud computing, Internet of Things (loT),
and mobile devices

Faster Compression and Decompression
Speeds: While high compression ratios are
significant, the speed of compression and
decompression is as vital, particularly in
real-time applications or settings with limited
processing resources. Existing approaches
may trade off compression ratios and
processing rates. A novel compression
approach might strive for quicker
compression and decompression algorithms
while keeping compression ratios
competitive.

Robustness: Errors and noise may occur in
transcripts during transmission or storage,
resulting in corrupted and lost data. The
optimal compression method should be
fault-tolerant and robust, allowing for
accurate reconstruction even in the
presence of noise or missing data. The
reliability of enhanced data can be improved
by creating a new methodology that
includes error detection and correction
mechanisms.

Scalability and Pliability: As the amount of
textual data generated increases, scalability
and adaptability become important factors.
A novel compression method must be
scalable and pliable to different computing
environments or distributed systems to
efficiently handle large data. It must be able
to use parallel processing, distributed
computing, or other modern techniques to

optimize compression and decompression
processes.

Compression Ratio Improvement: While
existing compression methods are useful,
they do not always provide the greatest
compression ratio attainable. There is an
ongoing desire for more efficient solutions to
reduce the need to store and transmit logs.
A distinctive text compression approach
may attempt to increase the compression
ratio by experimenting with new algorithms,
data structures, or encoding techniques.

In summary, the aim to improve
compression ratios, cater to varied data
kinds, adapt to developing technologies,
increase processing speeds, provide error
resilience, and achieve scalability drives the
need for a novel text compression method.
Creating a novel approach that fulfills these
criteria might open the way for more
efficient and effective textual data
compression, allowing for improved
information storage, transfer, and analysis.

4.literature Review
Previous research in text compression has
primarily focused on algorithms that reduce
the number of characters or words in a
document. While these methods can
effectively decrease file size, they often
sacrifice important contextual information in
the process. As a result, these compression
techniques may not be ideal for applications
where accurate and comprehensive data
retrieval is crucial.
The paper titled "A Comparative Study Of
Text Compression Algorithms" by Senthil
Shanmugasundaram and Ravi Lourdusamy
presents a detailed analysis and
comparison of basic lossless data
compression algorithms focusing on text
data The study looks at how computation
and various dictionary compression




methods are activated. Although Run-
Length Encoding (RLE) is suitable for data
with repeated signals, lossy compression
methods are more effective for multimedia
data. The paper specifically analyzes the
performance of LZ77 and LZ78 family
algorithms and identifies numerical coding
as the most efficient method, outperforming
others by 1.15% improvement

The study “Pattern-matching and text-
compression algorithms” by Crochemore et
al. describes a class of finite-state
probabilistic models developed from finite
state machines (FSM) and examines its use
in predicting the size of text files for
compression. The goal of text compression
is to minimize the amount of storage space
necessary for files. The review investigates
the sophisticated modeling approaches
made possible by arithmetic coding,
contrasting them with regularly used
methods like Ziv-Lempel compression. This
study contributes to the knowledge of
successful methodologies for text
compression and gives insights into
comparisons between different strategies by
employing finite-state probabilistic models.

The study “An Efficient Technique for Text
Compression” by Azad et al. proposes a
lossy compression method, which aims to
reduce the memory requirement for data
storage. The technique uses a two-stage
process, consisting of reduction and
compression. Each word is replaced by an
address value, effectively reducing the size
of the persistent memory needed to store
the data. The first compression uses a
lexical search table to create a binary file
with addresses. A term search table acts as
a vocabulary store, assigning a unique
address value to each term. Instead of
storing words as byte streams based on

ASCII values, they are stored as long bit
streams of fixed size. The proposed
compression method compresses a text
block or file, thus reducing the memory area
consumed by a text block in any file type.
By using this method and loading the
operating system with text search tables,
the memory requirements for text data can
be greatly reduced.

The research paper “Text Compression by
Syntactic Pruning” by Gagnon et al.
introduces a method for text compression
that focuses on syntactic pruning of a
syntactic tree based on grammaticality and
readability. The aim of the study is to
develop a summarization technique that can
generate shorter versions of source texts
while preserving the main semantic content.
The algorithm, developed by Da Sylva,
performs sentence reduction through
syntactic pruning, and the success of this
approach indicates its potential as a
summarization method. The paper proposes
a text reduction method that utilizes pruning
of syntactic relations. The study includes six
cases to evaluate the effectiveness of the
proposed method. The results demonstrate
a promising reduction rate achieved by the
system, suggesting its potential inclusion in
a text reduction system such as
summarization

Previous work on summarization based on
a syntactic analysis mostly reports
disappointing evaluation results.
Significantly, no system involves
dependency-based grammars. Other
studies have explored the use of lossless
compression, which preserves all of the
original data while still reducing file size.
However, these approaches can be
computationally expensive and require
significant processing power.



In the book "Advances in Automatic Text
Summarization" by M. Inderjeet and M.T.
Maybury, a method for compressing
sentences extracted from a text has been
proposed. Their approach relies on a
phrase-structure syntax analysis indirectly
based on data from the Penn Treebank. As
part of the compression process, certain
types of phrases, including parentheticals,
sentence-initial prepositional phrases (PPs),
and adverbial phrases such as "In
particular," "Accordingly," "In conclusion,"
are pruned in specific configurations.

To address these limitations, recent
research has proposed using semantic-
based compression methods that leverage
the inherent relationships between words in
a document. These methods seek to identify
common patterns in the text and compress
it accordingly, resulting in a reduction in the
number of tokens without losing essential
information.

Overall, while previous research has made
strides in the field of text compression, there
is still room for innovation and improvement.
The development of a novel approach that
can balance token reduction and
information preservation would have far-
reaching implications for a wide range of
industries, from data analytics to digital
communications. Recent advancements in
natural language processing (NLP) have
paved the way for more sophisticated text
compression techniques. By leveraging NLP
models, previous research has
demonstrated the ability to identify and
compress complex linguistic patterns, such
as idiomatic expressions and semantic
equivalences. However, these methods
often require large amounts of training data
and may not generalize well to new
domains or languages. To address this, our
approach utilizes a novel form of contextual
embeddings that can capture a wider range

of linguistic relationships and minimize the
number of tokens required to represent the
original text.

5.A Novel Approach to Text Compression
Traditional approaches to text compression
rely on reducing the number of tokens in the
text, but this can sometimes come at the
cost of losing important information. We
present a novel approach to text
compression that minimizes the number of
tokens while still preserving complete
information.

Our approach involves grouping similar
words together and replacing them with a
single representative word. We use a
clustering algorithm to identify groups of
words that have similar meanings and
contexts, and then replace each group with
a representative word that captures the
essence of that group. This approach
maintains the meaning and context of the
original text while reducing the number of
distinct tokens.

By reducing the number of tokens in a text,
we can achieve significant compression
without losing any important information.
Our approach strikes the perfect balance
between token reduction and information
preservation, making it an ideal solution for
text compression.

In addition to achieving high compression
rates, our approach also has the potential to
improve search engine results by improving
the relevance of search queries. By
grouping together similar words and using
representative words, our approach makes
it easier for search engines to identify
relevant results based on the meaning and
context of search queries.

6.How the Approach Works
Our approach to optimizing text
compression revolves around the use of a




novel algorithm that minimizes tokens while
preserving complete information. This
algorithm is based on the principles of
machine learning and natural language
processing, which allow it to analyze and
categorize textual data in a highly efficient
and accurate manner.

The algorithm starts by identifying the most
frequently used words and phrases in the
text, as well as the most common patterns
and structures. These patterns and
structures are then categorized and
condensed into a set of rules and templates
that can be used to reconstruct the text in a
more compact form.

Next, the algorithm applies these rules and
templates to the text, replacing redundant
and unnecessary tokens with more efficient
ones. This process continues until the
desired level of compression is achieved,
while still preserving the integrity and
meaning of the original text.

To ensure that the compression process is
as efficient and effective as possible, the
algorithm continually adapts and refines its
rules and templates based on the input text.
This allows it to optimize compression
based on the specific characteristics of each
individual text, resulting in even greater
compression rates without sacrificing
accuracy or readability.

Overall, this novel approach to text
compression represents a significant
advancement in the field, offering a highly
effective and efficient way to minimize the
number of tokens while preserving complete
information. Whether applied in the context
of web page optimization, document storage
and retrieval, or any other area where text
compression is essential, this approach
promises to deliver powerful results and
significant benefits.

7.Benefits of Optimizing Text Compression

The benefits of optimizing text compression
using our novel approach are manifold. First
and foremost, minimizing tokens while
maintaining complete information
significantly reduces the size of textual data.
This, in turn, makes it easier to store,
transfer, and process large amounts of text-
based information.

Furthermore, our approach to text
compression uses Language Models
(LLMs) that are able to accurately predict
the next word in a sentence. This means
that even when tokens are minimized, the
semantic meaning of the text remains intact.
As a result, users can extract meaningful
insights from compressed text without losing
any vital information.

Another key benefit of our approach is that it
improves search and retrieval performance.
When searching for specific pieces of
information, optimized text compression
makes it easier and faster to locate the
relevant data. This is particularly important
in large datasets where searching for
specific information can be a time-
consuming process.

Moreover, our approach can be applied
across various industries, from e-commerce
to healthcare. In e-commerce, for example,
optimized text compression can be used to
reduce the amount of data transferred
during online transactions. This results in
faster checkout times and a better user
experience. In healthcare, compressed text
can be used to store large amounts of
patient data without consuming too much
storage space. Furthermore, our approach
also ensures that there is no loss of critical
information when compressing data. This is
due to the use of LLMs, which can predict
the next word with high accuracy and
preserve the contextual meaning of the text.
As a result, the compressed text remains
meaningful and relevant, enabling users to



extract the necessary information without
any loss of context.

In addition to improving search and retrieval
performance, optimizing text compression
can also enhance data security. By reducing
the number of tokens, the amount of data
that needs to be encrypted or secured is
reduced, making it easier to protect
sensitive information from unauthorized
access.

Overall, our novel approach to text
compression provides several benefits that
can help organizations reduce storage and
processing costs, improve search and
retrieval performance, enhance data
security, and enable faster data transfer. By
using LLMs to minimize tokens while
maintaining complete information, we have
developed a revolutionary approach to text
compression that has potential applications
across multiple industries. In summary, the
benefits of optimizing text compression
using our approach are numerous and wide-
ranging. By minimizing tokens, we are able
to significantly reduce the size of textual
data while maintaining its semantic
meaning. Our use of LLMs enables us to
preserve the contextual information of the
text, ensuring that users can extract
relevant insights from compressed data. In
addition, optimizing text compression can
improve search and retrieval performance,
enhance data security, and enable faster
data transfer. The potential applications of
our approach are vast, and it has the
potential to transform the way organizations
handle large amounts of text-based
information. Ultimately, by minimizing
tokens while maintaining complete
information, our approach offers a
revolutionary way of compressing text that
could benefit a range of industries and use
cases.

8.Potential Applications for the Approach
The potential applications of this
revolutionary approach to text compression
are vast and far-reaching. Here are just a
few examples:
1. Big data analytics: The amount of data
generated by modern organizations can be
overwhelming. Optimizing text compression
can make it easier to analyze this data by
reducing the storage and processing
requirements.
2. Digital marketing: Marketers rely on text-
based content to reach and engage their
target audience. By minimizing tokens while
preserving complete information, marketers
can reduce the size of their content, making
it easier and faster to load on websites and
mobile devices.
3. Natural language processing: The field of
natural language processing is all about
teaching machines to understand and
process human language. This approach to
text compression can help make that
process more efficient and effective.
4. Communication networks: In the age of
the internet, communication networks are
vital for keeping people connected. By
optimizing text compression, the amount of
data that needs to be transmitted can be
reduced, which can help improve the speed
and reliability of these networks.
5. Information security: In order to keep
sensitive information secure, it is often
encrypted. This can make the data larger
and harder to transmit. Optimizing text
compression can help reduce the size of the
data without compromising its security.
The increasing size and availability of digital
documents, and the necessity for more
efficient methods of information retrieval
and assimilation is also where text
compression has a potential application
Overall, the potential applications of this
novel approach to text compression are
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wide-ranging, and the benefits are clear. By
minimizing tokens while preserving
complete information, this approach has the
potential to make our digital world faster,
more efficient, and more secure.

REFERENCES

1. Shanmugasundaram, Senthil and
Robert Lourdusamy. “A Comparative
Study Of Text Compression
Algorithms.” (2011).

2. Bell T.C, Cleary J.G, and Witten I.H.,
“Text Compression”, Prentice Hall,
Upper Saddle River, NJ, 1990.

3. Gagnon, Michel and Lyne Da Sylva.
“Text Compression by Syntactic
Pruning.” Canadian Conference on
Al (2006).

4. Fiala E.R., and D.H. Greene, “Data
Compression with finite windows”,
Communications of the ACM
32(4):490-505, 1989.

5. Khalid Sayood, “Introduction to Data
Compression”, 2nd Edition, San
Francisco, CA, Morgan Kaufmann,
2000.

6. Storer J and Szymanski T.G., “Data
compression via textual
substitution”, Journal of the ACM 29,
pp. 928-951, 1982.

7. Welch T.A., “A technique for high-
performance data compression”,
IEEE Computer, 17, pp. 8-19, 1984.

8. M. Inderjeet and M.T. Maybury.
Advances in Automatic Text
Summarization. MIT Press, 1999.

9. G. Grefenstette. Producing
intelligent telegraphic text reduction
to provide an audio scanning service
for the blind. In Working Notes of the
Workshop on Intelligent Text
Summarization, pages 111-117,
Menlo Park, CA, 1998. American

10.

11.

12.

Association for Artificial Intelligence
Spring Symposium Series

K. Knight and D. Marcu.
Summarization beyond sentence
extraction: A probabilistic approach
to sentence compression. Artificial
Intelligence, 139:91-107, 2002.
Azad, Md. Abul Kalam, et al. "An
Efficient Technique for Text
Compression." Proceedings of the
1st International Conference on
Information Management and
Business (IMB2005)

Crochemore, Maxime, and Thierry
Lecrog. "Pattern-matching and text-
compression algorithms." ACM
Computing Surveys (CSUR) 28.1
(1996): 39-41

11



