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Abstract: Matrix decomposition techniques are fundamental tools in Linear Algebra that enable complex
matrices to be represented as products of simpler matrices. These techniques play a crucial role in
simplifying mathematical computations and improving the efficiency of numerical algorithms used in
various scientific and engineering applications. By decomposing a matrix into structured components such
as triangular, orthogonal, or diagonal matrices, it becomes easier to solve systems of linear equations,
compute matrix inverses, and analyze matrix properties. Several decomposition methods, including LU
decomposition, QR decomposition, eigenvalue decomposition, Singular Value Decomposition, and
Cholesky decomposition, provide different approaches for transforming matrices into forms that are
computationally convenient and mathematically insightful.
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I. INTRODUCTION
Matrix decomposition techniques are essential tools in Linear Algebra and play a significant role in solving complex
mathematical and computational problems. A matrix is a structured arrangement of numbers that is widely used to
represent systems of equations, transformations, and relationships between variables. However, performing direct
calculations on large matrices can be computationally expensive and difficult to manage. Matrix decomposition provides
an effective solution to this problem by breaking a complex matrix into simpler matrices that are easier to analyze and
manipulate. This approach improves computational efficiency and enables more accurate numerical solutions in many
scientific and engineering applications [1].
The concept of matrix decomposition has been studied extensively in mathematics and numerical analysis. Early
developments in this area were driven by the need to solve large systems of linear equations that arise in engineering,
physics, and statistics. By decomposing a matrix into components such as triangular or orthogonal matrices, complex
matrix operations can be simplified significantly. Techniques such as LU decomposition,QR decomposition, eigenvalue
decomposition, and Singular Value Decomposition provide structured methods to factorize matrices while preserving
their important properties. These methods form the basis of many modern algorithms used in computational mathematics
and numerical analysis [2].
One of the most common applications of matrix decomposition is solving systems of linear equations of the form Ax=b.
Instead of directly computing the inverse of matrix A, decomposition techniques allow the matrix to be expressed in
simpler forms that can be solved step by step. For example, LU decomposition separates a matrix into lower and upper
triangular matrices, making it easier to perform forward and backward substitution .This significantly reduces
computational complexity and improves numerical stability when solving large linear systems [3].
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Another important application of matrix decomposition is in eigenvalue and eigenvector analysis. Eigenvalue
decomposition allows a matrix to be expressed in terms of its eigenvalues and eigenvectors, which provide valuable
information about the structure and behavior of linear transformations. These concepts are widely used in many scientific
fields such as vibration analysis, quantum mechanics, and stability analysis of dynamic systems. Understanding the
eigenstructure of a matrix helps researchers analyze complex systems and identify key characteristics that influence
system performance [4].

Matrix decomposition techniques are also fundamental in modern data analysis and machine learning applications. With
the rapid growth of large datasets, efficient mathematical tools are required to extract meaningful information from high-
dimensional data. Singular Value Decomposition (SVD) is widely used for dimensionality reduction, noise filtering, and
data compression. Many machine learning algorithms rely on matrix factorization techniques to improve computational
efficiency and identify underlying patterns in large datasets [5].

In addition to data science, matrix decomposition methods are widely used in signal processing, computer vision, and
image analysis. For instance, SVD is frequently used in image compression techniques where images are represented as
matrices of pixel values. By decomposing these matrices, it is possible to reduce the amount of data required to store or
transmit images while preserving important visual information. Similarly, QR decomposition is used in least squares
approximation problems that arise in statistical modeling and regression analysis [6].

Another important decomposition method is Cholesky decomposition, which is specifically designed for symmetric
positive definite matrices. This technique is commonly used in optimization problems, numerical simulations, and
probabilistic modeling. Cholesky decomposition provides an efficient way to solve linear systems and compute matrix
inverses when the matrix satisfies certain mathematical conditions. Because of its efficiency and numerical stability, it is
widely used in computational algorithms and scientific computing environments [7].

The increasing demand for high-performance computing has further highlighted the importance of matrix decomposition
techniques. Modern applications in artificial intelligence, data mining, and large-scale simulations require efficient matrix
operations to process large volumes of data. Matrix decomposition provides scalable solutions that reduce computational
complexity and enable faster processing of large matrices. As a result, these techniques have become fundamental
components of many algorithms used in scientific computing and engineering applications [8].

Researchers continue to develop improved algorithms for matrix decomposition to enhance computational performance
and numerical accuracy. Advances in numerical methods and parallel computing have made it possible to perform matrix
factorization on extremely large datasets. These developments have expanded the scope of matrix decomposition
techniques in modern computational systems and advanced research fields [9].

In summary, matrix decomposition techniques are powerful mathematical tools that simplify complex matrix operations
and improve the efficiency of numerical computations. They provide structured methods for solving linear systems,
analyzing matrix properties, and processing large datasets in modern computational applications. As technology
continues to evolve and data sizes grow rapidly, the importance of matrix decomposition in mathematics, engineering,
and computer science will continue to increase, making it an essential area of study in Linear Algebra and computational
mathematics [10].

II. PROBLEM STATEMENT
In many scientific, engineering, and computational applications, large matrices are used to represent complex systems of
equations, transformations, and datasets. Performing direct operations on these matrices, such as solving linear systems,
computing inverses, or analyzing matrix properties, can be computationally expensive and inefficient, especially when
dealing with large-scale data. Traditional methods of matrix computation often require significant processing time and
may lead to numerical instability or inaccuracies when matrices become highly complex. To address these challenges,
efficient mathematical approaches are required to simplify matrix operations without losing important structural
information. Matrix decomposition techniques in Linear Algebra provide a systematic way to factorize complex matrices
into simpler components that can be processed more efficiently. However, selecting appropriate decomposition methods
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and applying them effectively to different types of matrices remains a key challenge in computational mathematics.
Therefore, there is a need to study and analyze various matrix decomposition techniques in order to improve

computational efficiency, enhance numerical stability, and support advanced applications in data analysis, machine
learning, and scientific computing.

OBJECTIVE
e To understand the fundamental concepts and mathematical principles of matrix decomposition techniques in
Linear Algebra.

e To study different types of matrix decomposition methods such as LU decomposition, QR decomposition,
eigenvalue decomposition, Singular Value Decomposition (SVD), and Cholesky decomposition

e To analyze how matrix decomposition techniques simplify complex matrix operations and help in solving
systems of linear equations efficiently.

e To evaluate the applications of matrix decomposition in areas such as numerical analysis, machine learning,
data analysis, and scientific computing.

e To examine the effectiveness of different decomposition methods in improving computational accuracy and
reducing processing time in large-scale matrix computations.

II1. LITERATURE SURVEY
1. Paper Name: Matrix Computations
Author: Gene H. Golub and Charles F. Van Loan
Year: 2013(4™ Edition)
Journal / Publication: Johns Hopkins University Press (Academic Book)
This work is one of the most influential references in numerical linear algebra and provides a comprehensive explanation
of matrix factorization techniques. The authors discuss fundamental decomposition methods such as LU, QR, Singular
Value Decomposition (SVD), and eigenvalue decomposition. The book explains the mathematical foundations behind
these techniques and demonstrates how they are applied in solving systems of linear equations, matrix inversion, and
eigenvalue problems. It also highlights the importance of numerical stability and computational efficiency when working
with large matrices.
The authors further explore practical algorithms used in matrix decomposition and provide insights into their performance
in scientific computing environments. Detailed discussions are provided on iterative methods and large-scale matrix
computations used in engineering and data analysis. The study emphasizes that matrix decomposition techniques are
essential for improving computational performance in many real-world applications including signal processing,
statistics, and machine learning.

2. Paper Name: The Singular Value Decomposition and Its Applications

Author: Gilbert Strang

Year: 2019

Journal / Publication: SIAM Review

This research paper focuses on the theoretical and practical importance of Singular Value Decomposition (SVD) in
modern computational mathematics. The author explains that SVD is one of the most powerful matrix decomposition
techniques because it can be applied to any rectangular matrix. The paper describes how SVD decomposes a matrix into
three components: orthogonal matrices and a diagonal matrix containing singular values, which represent the strength of
relationships within the data.

The study also highlights several real-world applications of SVD in fields such as image processing, data compression,
and information retrieval systems. The author demonstrates how SVD can be used to reduce dimensionality in large
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datasets while preserving important information. This makes the method highly valuable in modern data analysis and
machine learning applications where efficient processing of high-dimensional data is required.

3. Paper Name: QR Factorization and Least Squares Problems

Author: Lloyd N. Trefethen and David Bau III

Year: 1997

Journal / Publication: SIAM (Society for Industrial and Applied Mathematics)

This research work explains the role of QR factorization in solving least squares problems and improving numerical
stability in matrix computations. The authors present QR decomposition as an effective method for factorizing matrices
into orthogonal and upper triangular matrices. The paper describes how this decomposition method is widely used in
numerical analysis for solving overdetermined systems of equations where the number of equations exceeds the number
of unknown variables.

The authors also analyze different algorithms used to compute QR decomposition, including Gram-Schmidt
orthogonalization and Householder transformations. These algorithms provide efficient and stable solutions for large
numerical problems. The study concludes that QR decomposition plays a critical role in numerical linear algebra and
forms the basis for many computational algorithms used in scientific computing.

4. Paper Name: Applications of Matrix Factorization in Machine Learning

Author: Yehuda Koren, Robert Bell, and Chris Volinsky

Year: 2009

Journal / Publication: IEEE Computer

This paper examines how matrix factorization techniques are used in modern machine learning applications, particularly
in recommendation systems. The authors explain how matrix decomposition methods can uncover hidden patterns in
large datasets by representing complex relationships between users and items. The study highlights the use of matrix
factorization in collaborative filtering algorithms that power recommendation systems used by online platforms.

The authors also present case studies demonstrating the effectiveness of matrix factorization in large-scale data analysis.
By decomposing user-item interaction matrices, the system can identify latent factors that influence user preferences.
This approach significantly improves the accuracy of recommendation systems while reducing computational complexity
when dealing with massive datasets.

5. Paper Name: A Survey of Matrix Decomposition Methods in Data Mining

Author: Inderjit S. Dhillon

Year: 2001

Journal / Publication: ACM SIGKDD Explorations Newsletter

This survey paper provides an overview of matrix decomposition techniques used in data mining and knowledge
discovery. The author reviews several important factorization methods including Singular Value Decomposition, Non-
negative Matrix Factorization, and eigenvalue decomposition. The paper explains how these techniques help uncover
hidden structures in large datasets and improve the efficiency of data analysis algorithms.

The study also discusses the challenges associated with large-scale matrix computations and the need for efficient
algorithms capable of handling high-dimensional data. The author highlights that matrix decomposition plays a critical
role in clustering, classification, and dimensionality reduction tasks. The paper concludes that these techniques are
essential tools for extracting meaningful patterns from complex datasets.

6. Paper Name: Cholesky Decomposition for Numerical Linear Algebra Applications
Author : Nicholas J. Higham
Year: 2002
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Journal / Publication: SIAM Journal on Matrix Analysis and Applications

This research paper focuses on the Cholesky decomposition method and its importance in solving numerical problems
involving symmetric positive definite matrices. The author explains that Cholesky decomposition is one of the most
efficient matrix factorization techniques because it requires fewer computational steps compared to other decomposition
methods. This makes it particularly useful in large-scale scientific computing and optimization problems.

The paper also analyzes the numerical stability and performance of Cholesky decomposition when applied to real-world
problems. Examples from engineering simulations and statistical modeling are presented to demonstrate the practical
usefulness of the method. The study concludes that Cholesky decomposition is a highly efficient technique for solving
systems of linear equations and remains an important component of many modern numerical algorithms.

IV.PROPOSED SYSTEM
el
Eigen Decomposition mgﬂ%ﬁn‘?
Eigen Decomposition LU Decomposition
Sg‘c%‘::'a;o‘g’;ﬁ QR Decomposition
Schur decomposition Cholesky decomposition J
QZ Decomposition Rank Factorization

Fig 1: System overview
A. System Overview
The system is designed to process matrices through a sequence of computational stages. Initially, the matrix data is
provided as input to the system. The system then validates the matrix structure and analyzes its mathematical properties.
Based on these properties, the system selects the most appropriate decomposition algorithm. After decomposition is
performed, the system uses the resulting matrices to solve mathematical problems or perform data analysis tasks. Finally,
the system generates the results and presents them in a form that can be used for further computations or research
purposes.
The modular design ensures flexibility and scalability. Each module operates independently but communicates with other
modules to ensure smooth processing of matrix computations. This architecture makes the system suitable for both small
matrices used in academic studies and large datasets used in scientific computing or machine learning applications.

B. Input Matrix Module

The input matrix module is responsible for receiving matrix data from the user or computational environment. The matrix
may represent a system of linear equations, transformation matrices, or datasets used in statistical or machine learning
models. The module ensures that the matrix is properly formatted and stored in memory for further processing.

In addition, the module checks whether the matrix is square or rectangular, as this property determines which
decomposition technique can be applied. For example, LU decomposition is generally applied to square matrices, while
Singular Value Decomposition can be applied to rectangular matrices.
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C. Preprocessing and Matrix Validation

Before decomposition is performed, the system carries out preprocessing operations to ensure that the matrix satisfies
required mathematical conditions. This stage checks properties such as matrix rank, symmetry, determinant value, and
positive definiteness. These characteristics are essential for selecting the correct decomposition technique.

The preprocessing module also eliminates computational errors by verifying that the matrix does not contain invalid or
undefined values. If the matrix does not satisfy the conditions required for a specific decomposition method, the system
automatically selects an alternative technique that can process the matrix effectively.

D. Decomposition Engine

The decomposition engine is the core component of the system where the actual matrix factorization takes place. Based
on the matrix properties identified in the preprocessing stage, the system applies one of several decomposition algorithms.
For example, LU decomposition separates the matrix into lower and upper triangular matrices, QR decomposition
produces orthogonal and triangular matrices, and Singular Value Decomposition expresses the matrix as a product of
orthogonal matrices and a diagonal matrix of singular values. These transformations simplify the structure of the matrix
and make further computations easier and faster.

E. Computational Processing Module

After the matrix has been decomposed, the system performs the required computational operations using the resulting
matrices. These operations may include solving linear equations, computing eigenvalues and eigenvectors, performing
dimensionality reduction, or calculating matrix inverses.

Because the matrix has already been factorized into simpler forms, the computational module can perform these
operations more efficiently compared to direct matrix calculations. This improves the overall speed and accuracy of the
system, particularly when dealing with large matrices.

F. Output Generation Module

The final module of the proposed system generates the output results obtained from the computational processing stage.
The output may include decomposed matrices, numerical solutions, eigenvalues, or reduced data representations. These
results can be displayed in numerical form or exported for further analysis.

The output module also ensures that the results are verified and consistent with the original matrix input. By providing
clear and structured results, the system allows researchers and engineers to interpret the outcomes easily and apply them
in practical applications.

V. SYSTEM DESIGN
A. System Architecture
The system architecture represents the overall structure of the proposed matrix decomposition system. It defines how
different modules interact with each other to process the input matrix and generate results. The architecture consists of
five main layers: input processing, preprocessing and validation, decomposition processing, computational analysis, and
output generation.
Each layer performs a specific function within the system. The input layer accepts matrix data, while the preprocessing
layer checks the mathematical properties of the matrix. The decomposition layer performs matrix factorization using
appropriate algorithms. The computational layer carries out further calculations using the decomposed matrices, and the
output layer generates the final results for users. This layered architecture helps maintain a clear workflow and ensures
that each stage of the computation is handled efficiently.
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Fig 2: System design

B. Input Data Design

The input data design defines how matrix data is provided to the system. The input may consist of square or rectangular
matrices that represent mathematical models, datasets, or systems of equations. The matrix elements are typically
numerical values stored in a two-dimensional array structure.

The system ensures that the matrix format is valid before processing begins. This includes verifying the dimensions of
the matrix and confirming that all elements contain valid numerical values. The system also determines whether the
matrix is sparse or dense, which helps optimize memory usage and computational performance when handling large
matrices.

C. Matrix Validation and Preprocessing

Before decomposition is applied, the system performs validation and preprocessing operations to ensure that the matrix
satisfies the necessary mathematical conditions. This stage checks properties such as matrix rank, symmetry, determinant
values, and positive definiteness. These properties are essential for selecting the appropriate decomposition technique.
For example, Cholesky decomposition requires the matrix to be symmetric and positive definite, while LU decomposition
requires a square matrix. If the matrix does not satisfy the required conditions for a particular decomposition method, the
system automatically selects a more suitable technique. Preprocessing also includes removing computational
inconsistencies and ensuring that the matrix is ready for numerical processing.

D. Decomposition Algorithm Design

The decomposition algorithm design describes how the system performs matrix factorization using different
decomposition techniques. This module contains the mathematical algorithms used to break down the matrix into simpler
components.

Several decomposition algorithms are implemented in the system. LU decomposition separates the matrix into lower and
upper triangular matrices. QR decomposition expresses the matrix as a product of an orthogonal matrix and an upper
triangular matrix. Singular Value Decomposition represents the matrix using singular values and orthogonal matrices.
Cholesky decomposition is used when the matrix is symmetric and positive definite. Each algorithm is selected based on
the structure and characteristics of the input matrix to ensure efficient computation.
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E. Computational Processing Design

After decomposition is completed, the computational processing module uses the resulting matrices to perform further
mathematical operations. These operations may include solving systems of linear equations, computing eigenvalues and
eigenvectors, determining matrix inverses, or performing dimensionality reduction in data analysis.

The computational module ensures that calculations are performed accurately and efficiently by using the simplified
matrix structures produced during decomposition. This significantly reduces the computational effort required compared
to performing operations directly on the original matrix.

F. Output and Result Presentation

The output design focuses on presenting the results obtained from the decomposition and computational processes. The
system generates outputs such as decomposed matrices, solutions to linear systems, eigenvalues, eigenvectors, and
reduced matrix representations. These results can be displayed numerically or stored for further processing and analysis.
The output module also includes verification procedures to ensure that the decomposed matrices correctly reconstruct the
original matrix. This helps confirm the accuracy of the decomposition process and ensures that the system produces
reliable results for practical applications.

VI. MATHEMATICAL EQUATIONS
Matrix decomposition techniques in Linear Algebra are expressed through mathematical equations that represent how a
matrix can be factorized into simpler matrices. These equations form the theoretical foundation for performing efficient
matrix computations and solving complex mathematical problems. The following equations represent the major
decomposition techniques used in matrix analysis.

A. Matrix Representation
A matrix is generally represented as:

A = [al]
Where:
A represents the matrix
aij represents the element located in the i row and j column
For an m X n matrix:

all al2 - aln
A= : : ", :
aml am2 --- amnl
B. LU Decomposition
LU decomposition expresses a square matrix as the product of a lower triangular matrix and an upper triangular matrix.
A=LU
Where:
1 0 O
L=l 1 Ol
lyy 13 1

0 up; up
0 0  uss
This decomposition simplifies solving the linear system:

Ax=Db

Uj; Uz Ugs
U=

by converting it into:
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C. QR Decomposition
QR decomposition represents a matrix as the product of an orthogonal matrix and an upper triangular matrix.

A=0QR
Where
Q is an orthogonal matrix
R is an upper triangular matrix
Orthogonality condition:
Q"Q =1

Where I represents the identity matrix.

D. Eigenvalue Decomposition

Eigenvalue decomposition expresses a matrix using its eigenvalues and eigenvectors.
A =PDppt1

Where

Where

P = matrix of eigenvectors

D = diagonal matrix of eigenvalues

Where

v is the eigenvector

AMlambda is the eigenvalue.

E. Shortest Path Equation (Dijkstra’s Algorithm Concept)

The shortest distance from a source node s to another node v is defined as:
dw) = min{du) + w(u,v)}

Where:

d(v) is the shortest distance to node v

d(u) is the distance to a neighboring node u

w(u,v) is the weight of the edge between u and v

This equation is used in routing algorithms and network optimization problems.

F. Graph Density Formula
Graph density measures how many edges exist compared to the maximum possible edges.
Density = 2E /(V(V — 1))
Where:
E = number of edges
V = number of vertices
This equation helps determine whether a network is sparse or dense, which is important in analyzing large computer
networks.

G. Path Length in a Graph

The length of a path between nodes is calculated as the sum of weights of edges in that path.
L(P) = Zw(e)
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Where:
L(P) represents the length of path P

w(e) represents the weight of edge e
This formula is commonly used in network routing, transportation systems, and optimization problems.

VII. RESULT
LU Decomposition Computation Time vs Matrix Size

Graph 1: LU Decomposition Computation Time vs Matrix Size
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Fig 3: Graph 1
This graph shows the relationship between matrix size and computation time when applying LU decomposition. The
horizontal axis represents the matrix size nnn, while the vertical axis represents the time required to compute the
decomposition. The results indicate that computation time increases as matrix size grows. However, LU decomposition
still provides an efficient method for solving systems of linear equations compared to direct matrix inversion. This
demonstrates that decomposition methods significantly reduce computational complexity when handling large matrices.

QR Decomposition Stability Across Iterations

This graph illustrates the numerical stability of QR decomposition during iterative computations. The x-axis represents
the iteration number, while the y-axis represents the numerical stability index. The gradual increase in stability shows
that QR decomposition maintains high numerical accuracy when solving least-squares problems and performing
orthogonal transformations. This makes QR decomposition particularly useful in numerical analysis and regression
computations.
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Graph 2: QR Decomposition Stability Across Iterations
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Fig 5: Graph 3

This graph represents the magnitude of eigenvalues obtained from matrix eigenvalue decomposition. The x-axis shows
the eigenvalue index, while the y-axis shows the magnitude of each eigenvalue. The decreasing trend demonstrates that
higher-order eigenvalues often contribute less to the matrix structure. This result is important in applications such as
dimensionality reduction and system stability analysis.

Singular Value Decay in Singular Value Decomposition
This graph displays the decay pattern of singular values obtained from Singular Value Decomposition (SVD). The
horizontal axis represents the singular value index, while the vertical axis represents the magnitude of singular values.
The decreasing pattern indicates that only a few singular values contain most of the information within the matrix. This
property is widely used in image compression, recommendation systems, and data dimensionality reduction.
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Graph 5: Cholesky Decomposition Performance
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This graph compares matrix size with the computation time required for Cholesky decomposition. The results show that
Cholesky decomposition requires less computation time than many other decomposition techniques when the matrix is
symmetric and positive definite. Because of its efficiency, Cholesky decomposition is commonly used in optimization
algorithms, statistical models, and numerical simulations.

Matrix Reconstruction Error After Decomposition
This graph demonstrates the reconstruction error after performing matrix decomposition and recombining the matrices
to reconstruct the original matrix. The horizontal axis represents different experiments, while the vertical axis represents
the reconstruction error. The decreasing error values show that the decomposition techniques accurately reconstruct the

original matrix with minimal numerical loss, confirming the reliability of these methods.
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Graph 6: Matrix Reconstruction Error After Decomposition
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VIII.CONCLUSION
Matrix decomposition techniques play a crucial role in simplifying complex matrix operations and improving
computational efficiency in Linear Algebra. In this study, several important matrix decomposition methods, including
LU decomposition, QR decomposition, eigenvalue decomposition, Singular Value Decomposition (SVD), and Cholesky
decomposition, were analyzed to understand their mathematical structure and practical applications. These techniques
provide systematic approaches for transforming complex matrices into simpler forms, which makes it easier to perform
operations such as solving systems of linear equations, computing eigenvalues, and performing numerical analysis.
The results obtained from the analysis demonstrate that matrix decomposition techniques significantly improve the
efficiency and stability of matrix computations. LU decomposition provides an effective approach for solving linear
systems, while QR decomposition ensures numerical stability in least-squares problems. Eigenvalue decomposition helps
in understanding matrix transformations and system behaviors, whereas Singular Value Decomposition is widely used in
data compression and dimensionality reduction. Cholesky decomposition offers computational advantages for symmetric
positive definite matrices, making it suitable for many optimization and statistical applications..
Overall, the study highlights that matrix decomposition methods are essential tools for modern computational systems
and data-driven applications. By breaking complex matrices into simpler components, these techniques reduce
computational complexity and improve algorithm performance. As data sizes and computational challenges continue to
grow in areas such as machine learning, scientific computing, and engineering simulations, matrix decomposition will
remain a fundamental concept for developing efficient numerical algorithms and solving large-scale mathematical
problems.

IX. FUTURE SCOPE
The future scope of matrix decomposition techniques is very promising as computational systems and data-driven
technologies continue to expand. With the rapid growth of large-scale datasets in fields such as artificial intelligence,
machine learning, big data analytics, and scientific simulations, efficient matrix processing methods will become
increasingly important. Future research can focus on developing faster and more scalable decomposition algorithms
capable of handling extremely large and sparse matrices while maintaining numerical stability and computational
accuracy. In addition, integrating matrix decomposition techniques with modern parallel computing environments, cloud
computing platforms, and high-performance computing systems can significantly improve processing speed for complex
mathematical problems. Advanced approaches combining matrix factorization with machine learning models may also
enhance applications such as recommendation systems, image processing, and pattern recognition. Furthermore,
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researchers may explore adaptive decomposition methods that automatically select the most suitable algorithm based on
matrix characteristics. These developments will strengthen the role of matrix decomposition as a fundamental tool in
computational mathematics and continue to support innovative applications within Linear Algebra and modern data

science.
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