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Abstract: This paper systematically analyzes the application of gradient descent algorithm in linear regression model and
proposes a variety of optimization methods. The basic concepts and mathematical expressions of linear regression model are
introduced, and the basic principles and mathematical derivation of gradient descent algorithm are explained. The specific
application of gradient descent algorithm in parameter estimation and model optimization is discussed, especially in big data
environment. Several optimization methods of gradient descent algorithm are proposed, including learning rate adjustment,
momentum method, RMSProp and Adam optimization algorithm. This paper discusses the advantages and disadvantages of
gradient descent algorithm and its challenges in practical application, and proposes future research directions. The research
results show that the improved gradient descent algorithm has higher computational efficiency and better convergence when

processing large-scale data and complex models.
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1 INTRODUCTION

As a basic model in statistics and machine learning,
linear regression model is widely used in data analysis and
prediction. As an optimization method, gradient descent
algorithm is widely used because of its high computational
efficiency and simple implementation. However, when
dealing with large-scale data and complex models, traditional
gradient descent algorithm has problems such as slow
convergence and easy to fall into local optimality. Therefore,
it is of great theoretical and practical significance to study the
optimization method of gradient descent algorithm.

This paper aims to systematically analyze and optimize
the application of gradient descent algorithm in linear
regression model. By improving and optimizing the existing
algorithm, a more efficient gradient descent algorithm is
summarized. The research methods include theoretical
analysis, mathematical derivation and algorithm performance
evaluation.

2 OVERVIEW OF LINEAR
REGRESSION MODEL

2.1 BASIC CONCEPTS OF LINEAR REGRESSION
MODEL

Linear regression model is a statistical method used to
describe the linear relationship between a dependent variable
and one or more independent variables. Its basic idea is to
minimize the error between the data points and the line by
fitting a straight line, thereby achieving prediction and
explanation of the dependent variable.
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FIGURE 1. LINEAR REGRESSION MODEL FIT

2.2 MATHEMATICAL EXPRESSION OF LINEAR
REGRESSION MODEL

The mathematical expression of linear regression model
can be expressed as:

Y =Po+ P1xy + Paxo + -+ Puxny +€
Where: y is the dependent variable; (xq, x5, ..., x,,) iS
the independent variable; B, 4 is the intercept term;
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(B1, Bz, -, Br) is the regression coefficient; € is the error
term.

2.3 ASSUMPTIONS OF LINEAR REGRESSION
MODEL

In order to ensure the validity and reliability of linear
regression model, the following assumptions are usually
required:

Linear relationship: There is a linear relationship
between the dependent variable and the independent variable.
That is, the model can be described by a linear equation.

Independence: The observations are independent of
each other. That is, there is no correlation between the error
terms.

Homoscedasticity: The variance of the error term is
constant. That is, for all observations, the variance of the error
term is the same.

Normality: The error term follows a normal distribution.
That is, the distribution of the error term is symmetrical and
has a mean of zero.

3 GRADIENT DESCENT
ALGORITHM

3.1 BASIC PRINCIPLES OF GRADIENT DESCENT
ALGORITHM

Gradient descent algorithm is an iterative optimization
algorithm that aims to minimize the objective function
(usually the loss function) by continuously adjusting the
model parameters. Its basic idea is to search in the opposite
direction of the objective function gradient and gradually
approach the optimal solution.

Convergence Process of Gradient Descent Algorithm
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FIGURE 2. CONVERGENCE PROCESS OF GRADIENT
DESCENT ALGORITHM

Suppose we have an objective function J(6), where 0
represents the model parameters. The update rule of the
gradient descent algorithm can be expressed as: 8:= 0 —
aV](0) where:

a is the learning rate, which controls the step size of
each update;

VJ(0) is the gradient of the objective function J(0) with
respect to the parameter 0.

The calculation method of the gradient VJ(8) depends
on the specific objective function. In the linear regression
model, the objective function is usually the mean square error
(MSE), which is expressed as follows:

1< . .
J©) =5 (hgx®) = yy?
i=1

Where: m is the number of samples; hy(x® is the
predicted value of the model; y® is the actual value.

By taking the derivative of the mean square error
function, the gradient expression can be obtained:

m

VJ(6) = %Z (he (x®) = yD)x®

i=1
3.2 CONVERGENCE ANALYSIS OF GRADIENT
DESCENT ALGORITHM

The convergence of the gradient descent algorithm
depends on multiple factors, including the choice of learning
rate, the shape of the objective function, and the setting of the
initial parameters. Generally speaking, a learning rate that is
too large may cause the algorithm to diverge, while a learning
rate that is too small may cause the convergence speed to be
too slow. In order to ensure the convergence of the algorithm,
it is usually necessary to properly adjust and optimize the
learning rate.

4 APPLICATION OF GRADIENT
DESCENT ALGORITHM IN
LINEAR REGRESSION

4.1 APPLICATION OF GRADIENT DESCENT
ALGORITHM IN PARAMETER ESTIMATION

In the linear regression model, parameter estimation is
one of the key steps. The gradient descent algorithm estimates
the model parameters by minimizing the loss function (such
as mean square error). Specifically, the gradient descent
algorithm minimizes the error between the predicted value
and the actual value by continuously adjusting the regression
coefficient, thereby achieving the optimal estimation of the
parameters.

4.2 APPLICATION OF GRADIENT DESCENT
ALGORITHM IN MODEL OPTIMIZATION

The gradient descent algorithm can be used not only for
parameter estimation, but also for model optimization. By
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adjusting the learning rate and the number of iterations, the
gradient descent algorithm can effectively optimize the model
performance. In addition, the gradient descent algorithm can
also be combined with regularization technology to prevent
model overfitting and improve the generalization ability of
the model.

4.3 APPLICATION OF GRADIENT DESCENT
ALGORITHM IN B1G DATA ENVIRONMENT

In big data environment, traditional batch gradient
descent algorithm may face the problem of low
computational efficiency. To solve this problem, variant
algorithms such as stochastic gradient descent (SGD) and
mini-batch gradient descent (Mini-batch Gradient Descent)
can be used. These algorithms greatly improve computational
efficiency by using only part of the data for parameter update
in each iteration, and are suitable for processing large-scale
data sets.

5 OPTIMIZATION METHODS OF
GRADIENT DESCENT
ALGORITHM

5.1 SELECTION AND ADJUSTMENT OF LEARNING
RATE

The learning rate is a key parameter in the gradient
descent algorithm, which directly affects the convergence
speed and stability of the algorithm. It is crucial to choose a
suitable learning rate. Too large a learning rate may cause the
algorithm to diverge, while too small a learning rate may
cause the convergence speed to be too slow. Common
learning rate adjustment methods include:

Fixed learning rate: Keep the learning rate unchanged
throughout the training process.

Learning rate decay: Gradually reduce the learning rate
as the number of iterations increases.

Adaptive learning rate: Dynamically adjust the learning
rate according to the change of gradient, such as AdaGrad,
RMSProp, etc.

5.2 BATCH GRADIENT DESCENT AND STOCHASTIC
GRADIENT DESCENT

There are many variants of the gradient descent
algorithm, mainly including batch gradient descent (Batch
Gradient Descent) and stochastic gradient descent (Stochastic
Gradient Descent, SGD). Batch gradient descent uses the
entire data set to calculate the gradient in each iteration and is
suitable for small-scale data sets. Stochastic gradient descent
uses only one sample to calculate the gradient in each
iteration and is suitable for large-scale data sets. Mini-batch
Gradient Descent combines the advantages of both, using a

portion of the data for calculation in each iteration, taking into
account both computational efficiency and convergence
stability.

5.3 MoMENTUM, RMSPROP AND ADAM
OPTIMIZATION ALGORITHMS

In order to further improve the convergence speed and
stability of the gradient descent algorithm, a variety of
optimization algorithms are proposed:

Momentum: Introducing a momentum term in each
iteration, using the gradient information of the previous
iterations to accelerate convergence and reduce oscillation.

RMSProp: Performing an exponentially weighted
average of the squared gradient of each parameter,
dynamically adjusting the learning rate of each parameter,
suitable for processing non-stationary objective functions.

Adam: Combining the advantages of the momentum
method and RMSProp, using the first-order moment
estimation and the second-order moment estimation to
dynamically adjust the learning rate, with good convergence
performance and robustness.

6 DISCUSSION

6.1 ANALYSIS OF THE ADVANTAGES AND
DISADVANTAGES OF THE GRADIENT DESCENT
ALGORITHM

As a commonly used optimization method, the gradient
descent algorithm has the following advantages:

High computational efficiency: The gradient descent
algorithm avoids the computational overhead of directly
solving complex equations by iteratively updating parameters.

Simple implementation: The implementation of the
gradient descent algorithm is relatively simple, easy to
understand and apply.

Wide range of application: The gradient descent
algorithm can be applied to a variety of machine learning
models and optimization problems.

However, the gradient descent algorithm also has some
disadvantages:

Slow convergence speed: When processing large-scale
data and complex models, the convergence speed of the
gradient descent algorithm may be slow.

Easy to fall into local optimality: The gradient descent
algorithm may fall into the local optimal solution and it is
difficult to find the global optimal solution.

Sensitive to learning rate: The choice of learning rate
has a great influence on the convergence and stability of the
algorithm. Improper selection may cause the algorithm to
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diverge or converge too slowly.

6.2 CHALLENGES OF THE GRADIENT DESCENT
ALGORITHM IN PRACTICAL APPLICATIONS

In practical applications, the gradient descent algorithm
faces the following challenges:

Big data processing: In the big data environment, the
traditional ~ batch  gradient descent algorithm s
computationally inefficient, and variant algorithms such as
stochastic gradient descent or small batch gradient descent
need to be adopted.

High-dimensional data: In high-dimensional data, the
gradient descent algorithm may face the dimensionality curse
problem, which requires dimensionality reduction technology
or regularization methods to deal with.

Non-convex optimization problems: For non-convex
optimization problems, the gradient descent algorithm may
fall into the local optimal solution and it is difficult to find the
global optimal solution.

6.3 FUTURE RESEARCH DIRECTIONS

In order to further improve the performance and
applicability of the gradient descent algorithm, future
research directions include:

Adaptive learning rate: Study more intelligent learning
rate adjustment methods so that the gradient descent
algorithm can adaptively adjust the learning rate in different
optimization problems.

Hybrid optimization algorithm: Combining the
advantages of multiple optimization algorithms, a more

efficient and stable hybrid optimization algorithm is proposed.

Distributed computing: In a big data environment, the
distributed gradient descent algorithm is studied to improve
the algorithm's computational efficiency and processing
power.

7 CONCLUSION

This paper systematically analyzes the application of the
gradient descent algorithm in the linear regression model and
proposes a variety of optimization methods. By discussing the
basic principles, mathematical derivations and applications of
the gradient descent algorithm in parameter estimation and
model optimization in detail, the performance of the
algorithm is further optimized. The research results show that
the improved gradient descent algorithm has higher
computational efficiency and better convergence when
processing large-scale data and complex models.

This paper systematically analyzes the application of
gradient descent algorithm in big data environment, and
proposes stochastic gradient descent and small batch gradient
descent algorithms suitable for large-scale data sets.

Although this paper has achieved certain results in the
optimization of gradient descent algorithm, there are still
many issues worthy of further study. Future research
directions include: adaptive learning rate, hybrid
optimization algorithm, and distributed computing.
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