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Abstract : The emerging field of data science is dedicated to the analysis of vast datasets through diverse methodologies, aiming to
enhance data comprehensibility. A solid grasp of statistics, linear algebra, and optimization is essential for a profound understanding of
data science. The pursuit of model performance improvement involves the optimization of parameters and hyperparameters, seeking
the most effective values for achieving desired outcomes. This study endeavors to introduce accessible algorithms, both new and
established, emphasizing ease of implementation and comprehension. The focus extends to appreciating theoretical analyses and
discerning which algorithm suits specific data science challenges. The objectives encompass the identification of various optimization
problems, linking them with applicable solution methods, and the manual application of optimization techniques to solve modest
problems. Additionally, the study delves into discussions on interpreting the sensitivity of optimization solutions to changes in
parameter values.

IndexTerms — Optimization, ML, DL, Data Science.

I. INTRODUCTION

Optimization refers to a method or process employed to identify the most efficient solution based on specified criteria. The nature
of the requirement determines whether the objective is to minimize or maximize a particular value within a given category. For
example, if a company aims to maximize returns on its products, the condition is set for maximum value; conversely, if the goal is
to minimize product costs in production, the requirement is for a minimum value. In the realm of data science, optimization
emerges as a potent tool for addressing intricate problems. It proves instrumental in tasks such as model selection, hyperparameter
tuning, and feature prioritization. Moreover, optimization contributes to enhancing the accuracy and performance of machine
learning algorithms, mitigating issues like overfitting and underfitting, and accelerating training speeds.

Recent advancements in data science optimization, encompassing automated machine learning, deep reinforcement learning, and
neural architecture search, have revolutionized the speed and efficiency with which optimal solutions are identified by data
scientists. Mathematically, an optimization problem involves identifying the optimal solution from a set of candidate or feasible
options. In the context of data science, the quality of a data model is continually assessed through a cost function. Minimizing the
cost function equates to finding an optimal parameter set that yields the minimum possible error in the system.

Given the intricacies and interconnectedness of advanced engineering systems, an analyst with comprehensive domain knowledge
is essential for effective system optimization. The application of optimization theory and techniques to various scientific and
research domains represents a crucial facet of Applied Mathematics. This study focuses on attaining the best solution, whether it
be a minimum or maximum, and emphasizes that the optimization process is an art form dedicated to finding the optimal response
to prevailing situations [1,2,3]

The subsequent step in the optimization process involves determining the problem's type or classification, a presentation of which
is included in this study. Following this classification, the study deems it necessary, based on the problem's scope and
requirements, to select the most compatible optimization tool from the available commercial and academic options. This chosen
tool is then applied in the designated domain to optimize functions and derive optimal or approximate solutions aligned with the
problem’s needs [1,2,3]
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I1 TYPES OF OPTIMIZATION TECHNIQUES USED IN DATA SCIENCE

There are several types of optimization techniques used in data science. These include gradient descent, simulated annealing,
evolutionary algorithms, Bayesian optimization, and particle swarm optimization. Each technique has its own advantages and
disadvantages. The choice of which technique to use depends on the problem at hand.

2.1 Gradient Descent

Gradient descent is a popular optimization technique used in data science. It is a first-order iterative optimization algorithm that
uses the gradient of the cost function to update the parameters in order to minimize the cost function. Gradient descent is used in
many machine learning algorithms, such as linear regression and logistic regression. The gradient descent approach is currently the
method of choice for optimization. The objective of this tactic is to update the variables iteratively in a way that is opposed to how
the gradients of the objective function move. This strategy directs the model to discover the target with each update, eventually
converging to the optimal value for the objective function. So now that we know what a gradient descent is and how it works, let’s
start implementing the same in python. But, before we get to the code logic of the same, let’s first take a look at the data we are
going to be using and the libraries that we will be importing for our purpose.

For this implementation, we are going to use the promotion dataset. This is a dataset that gives us the total sales for
different products, after marketing them on Laptop, GPU and TV. Using our algorithm, we can find out which medium performs
the best for our sales and assign weights to all the mediums accordingly. Moving on to the imports, we will be using the libraries
pandas and numpy, which will be used to read the data as well as perform mathematical functions on it. We will also be using
matplotlib and seaborn to plot our findings and explain the results graphically. Once we have imported the libraries we will use
pandas to read our dataset, and print the top 5 columns to reassure that the data has been read correctly. Once we have read the data,
we will set the X & Y variables for our gradient descent curve. Gradient descent is an optimization algorithm which can be used for
estimating the values of regression parameters, given a dataset with inputs and outputs [4,5].

Python Code sample:

import pandas as p

import numpy as n

import matplotlib.pyplot as plt

import seaborn as sb

# Read the CSV file 'Promotion.csv' into a DataFrame
df = p.read_csv('Promotion.csv’)

# Display the first few rows of the DataFrame
df.head()

Here X would represent Laptop, GPU and TV’s while Y would represent our sales. As all these purchase might be on different
scales, we then normalize our X & Y variables. After Normalize

X=df[[‘Laptop’,’GPU’,"TV"]]

Y=df[‘Purchase’]

Y=np.array((Y-Y.mean())/Y.std())

X=X.apply(lambda rec:(rec-rec.mean())/rec.std(),axis=0)

Once we have a normalized dataset, we can start defining our algorithm. To implement a gradient descent algorithm we need to
follow 4 steps:

Step1:Start by randomly initializing the bias and weight (8).

Step2:Compute the predicted values of Y using the initialized bias and weight.

Step3:Evaluate the cost function based on the predicted values and the actual values of Y.

Step4:Determine the gradients and update the weights accordingly.

gradient = (dy/dx)=(d/dx)(4*x"2) = 8*x  (Calculating the gradient function) Fig.1 shows Gradient descent cost and weight
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2.2 Simulated Annealing

Simulated annealing serves as a probabilistic optimization method employed to discover the global optimum of a specified
problem. The approach involves stochastic exploration of the search space to identify a set of parameters associated with the lowest
cost. Subsequently, the algorithm adjusts these parameters, leveraging insights from the current best solution. Simulated annealing
finds application in diverse domains, including neural networks and clustering. A visual representation of simulated annealing is
depicted in Fig.2 [6,8,9].
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Fig 2 Simulated Annealing
2.3 Evolutionary Optimization Algorithms
Inspired by biological evolution, evolutionary algorithms are metaheuristic optimization techniques. These algorithms generate a
population of potential solutions and subsequently identify the most promising ones according to their fitness. Within the realm of
data science, evolutionary algorithms find diverse applications such as feature selection, model selection, and hyperparameter
tuning [7,9].
2.3.1 Bayesian Optimization
Bayesian optimization is a probabilistic optimization technique that utilizes Bayesian inference to optimize parameters. It works by
constructing a prior distribution over the parameter space and then updating it based on the data. Bayesian optimization is used in
hyperparameter tuning and model selection. Fig 3 shows three iterations of Bayesian optimization [7,9].
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Fig 3. Three iteration of Bayesian Optimization

2.3.2 Particle Swarm Optimization

Derived from the collective behavior of birds flocking, particle swarm optimization is a population-based optimization technique.
This method involves forming a swarm of particles, with each particle representing a potential solution. The positions of these
particles are then adjusted based on the best solutions identified. Particle swarm optimization finds application in various domains,
including feature selection, model selection, and hyperparameter tuning.

Optimization can be used to solve a variety of complex problems in data science. It can be used to select the most suitable model
for a given problem, tune hyperparameters, and select the most relevant features. Optimization can also be used to improve the
accuracy and performance of machine learning algorithms, reduce overfitting and underfitting, and increase training speed.

Fig 4 shows PSO [7,9].
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2.4 Model Selection

Optimization can be used to select the most suitable model for a given problem. This is done by testing different models and

evaluating their performance using a given metric. The model with the highest score is then chosen as the best model. Fig 5. Shows
Data driven model selection for optimization [7,9].
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Fig.5 Data driven evolutionary optimization based on model
2.5 Hyperparameter Tuning

The refinement of model performance by adjusting the values of model parameters is known as hyperparameter tuning. Techniques

like gradient descent, simulated annealing, and evolutionary algorithms are employed in this process to identify the optimal
parameter set for a given model. Figure 6 provides a visual representation of hyperparameter tuning [7,9].

g [ @

Hyperparameters

Parameters Score

n_layers = 3
Q n_neurons = 512

Weights
learning_rate = 0.1

optimization

tt

n_layers = 3 fei
LX n_neurons = 1024 # :,'\ Tilr%?;_:tion
learning_rate = 0.01 P

tt

80%
n_layers =5

2:: n_neurons = 256

Weights
learning rate = 0.1

optimization

22

Ht

92%

Fig 6. Hyperparameter Tuning Process for optimization
2.6 Feature Selection and Engineering

The process of choosing the most pertinent features for a given problem is referred to as feature selection. Optimization techniques
play a crucial role in identifying the optimal set of features for a given model. Concurrently, feature engineering involves

transforming existing features into more advantageous forms, and optimization can be applied to determine the most effective ways
to carry out these transformations. Fig. 7 illustrates the feature selection process [7,9].
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2.7 Optimization Techniques in Data Science, Machine Learning, and Deep Learning
There are two types of supervised learning tasks: Regression & Classification [7,9].

Supervised Learning Algorithms
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Fig.8 Supervised learning tasks-Regression and Classification

Table 1 presents a list of error functions minimized in widely utilized regression algorithms.
Table 1 Cost function or Loss function in Regression

Name of Regression Algorithm Loss (Cost) Function minimized

Linear Regression Mean Square Error (MSE)

Polynomial Regression Mean Square Error (MSE)

Regularized Regression (Ridge/LASSO)  SSE + Penalty Term

Decision Tree Regressor Sum of Squares of Errors (SSE)

Support Vector Regressor (SVR) L1-loss (same as Sum of absolute values

of Errors) or L2-Loss (similar to SSE)

In addition to the information provided in Table 1, it is worth noting that certain machine learning (ML) and deep learning (DL)
algorithms also incorporate the use of Huber loss.

In the context of classification problems, the primary objective is to determine the optimal separating hyperplane, typically a line or
curve that passes between the data points. This hyperplane should effectively segregate the majority of data points into two or more
classes. The goal is to minimize the classification error, which represents inaccurately labeled data points. The specific form of the
classification error varies based on the type of classifier algorithm in use. The diverse expressions of this error for different ML
algorithms are summarized in the following Table.2.
Table 2 Cost function in Classification

Name of Classifier Algorithm Loss (Cost) Function minimized

Logistic Regression Binary Cross Entropy (BCE), commonly called
as negative-log-loss

Support Vector Classifier (SVC) Hinge Loss

MI

Decision Tree Classifier Gini or Entropy or “log_loss” (you can choose)

111 IMPACT OF OPTIMIZATION ON MACHINE LEARNING ALGORITHMS

Enhancing the performance of machine learning algorithms is greatly influenced by optimization. This process contributes to
refining the accuracy and overall performance of the model, mitigating issues like overfitting and underfitting, and accelerating
training speeds. Additionally, optimization plays a pivotal role in assisting data scientists in identifying the most fitting model for
their specific problem, fine-tuning hyperparameters, and selecting the most pertinent features.

3.1 Improving Accuracy and Performance

Leveraging optimization techniques can enhance the accuracy and overall performance of machine learning algorithms. Data
scientists can fine-tune parameters or hyperparameters to ensure the model operates at its peak, resulting in heightened accuracy
and improved performance..

3.2 Reducing Overfitting and Underfitting
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Optimization can help reduce overfitting and underfitting by finding the optimal set of parameters or hyperparameters. By doing so,
data scientists can ensure that their model is not too complex or too simple. This can lead to improved accuracy and performance.

3.3 Increasing Training Speed

Optimization can also be used to increase the training speed of machine learning algorithms. By optimizing parameters or
hyperparameters, data scientists can ensure that the model is running efficiently and quickly. This can lead to improved training
speed. Implementing optimization strategies in data science projects can be a challenging task. To ensure success, data scientists
should follow the following steps:

3.4 Establishing Objectives and Constraints

The first step in implementing optimization strategies is to establish the objectives and constraints of the project. This includes
defining the goals and constraints of the project, such as the desired accuracy and performance, the computational budget, and the
time limit.

3.5 Choosing the Right Optimization Technique
Once the objectives and constraints have been established, data scientists should choose the right optimization technique for their
project. This can involve comparing different optimization techniques and selecting the one that best fits the project’s needs.

3.6 Preparing for Optimization

Prior to initiating the optimization process, data scientists should ready their data and code. This involves tasks such as data
cleaning, normalization, segmentation into training and test sets, and the preparation of essential code for executing the
optimization process.

3.7 Executing the Optimization Process
Once the data and code are ready, data scientists can begin the optimization process. This involves running the optimization
algorithm on the data and adjusting the parameters or hyperparameters until the desired result is achieved.

IV RECENT ADVANCES IN DATA SCIENCE OPTIMIZATION

In recent years, there have been several advances in data science optimization. These include automated machine learning, deep
reinforcement learning, and neural architecture search. These methods can automate the optimization process and enable data
scientists to find optimal solutions faster and more efficiently.

4.1 AutoML: Streamlining Machine Learning Processes
Automated machine learning (AutoML) is a technique that automates the optimization process. AutoML algorithms are able to
automatically select the best model and tune its parameters or hyperparameters to achieve the desired performance [8,9].

4.2 Deep Reinforcement Learning
Deep reinforcement learning, a machine learning algorithm, integrates both deep learning and reinforcement learning. Its
application extends to optimizing parameters or hyperparameters to attain the desired performance level [8,9].

4.3 Neural Architecture Search
Neural architecture search is an automated method for designing neural networks, employing optimization algorithms to identify
the most effective architecture tailored to a specific task.

V ADVANCED OPTIMIZATION METHODS AND TECHNIQUES
5.1 Stochastic Gradient Descent

The stochastic gradient descent (SGD) algorithm was developed to solve the high computing cost involved in each iteration of the
process when dealing with enormous amounts of data. The equation can be written as follows:

Back-propagation refers to taking the values and iteratively modifying them depending on various parameters to lower the loss
function.

Instead of directly calculating the exact value of the gradient, this approach updates the gradient (theta) by randomly using one
sample at each iteration. This is done in place of directly calculating the gradient's value. The stochastic gradient approximates the
true gradient that does not consider any outside factors. This optimization approach cuts down on the amount of time needed to do
an update when working with a large number of samples, and it also eliminates some redundant computational work. Fig 9.
Shows the absolute minimum of stochastic gradient descent.

JETIR2311287 Journal of Emerging Technologies and Innovative Research (JETIR) www.jetir.org | c635


http://www.jetir.org/

© 2023 JETIR November 2023, Volume 10, Issue 11 www.jetir.org (ISSN-2349-5162)

Fig 9. Stochastic Gradient Descent

5.2 The Technique of Adaptive Learning Rate

Learning rate is one of the primary hyperparameters optimized during the process. The model's behavior depends on the learning
rate, which determines whether it will pass over particular data sections. When the learning rate is high, there is a possibility that
the model will overlook more nuanced parts of the data. If it is low, then it is preferable for applications that take place in the real
world. The rate of learning has a significant impact on the Stochastic Gradient Descent (SGD). It can be difficult to determine
what the optimal value of the learning rate should be. It was suggested that adaptive approaches could automatically do this
tweaking.

In Deep Neural Networks (DNNs), the adaptive forms of SGD have seen the widespread application. Methods such as AdaDelta,
RMSProp, and Adam all use exponential averaging to offer accurate updates while keeping the process as straightforward as
possible. Weights with a steep gradient will have a slow learning rate and vice versa. This is known as the degrade formula.
RMSprop modifies the Adagrad method so that it slows the rate at which it monotonically decreases the amount learned. Adam is
virtually identical to RMSProp, except that he possesses momentum.

The Alternating Direction Method of Multipliers, sometimes known as ADMM, is an additional alternative to the Stochastic
Gradient Descent method (SGD).

The learning rate is not predetermined in either the gradient descent or AdaGrad approaches, which is the key distinction between
the two. The computation for it makes use of all of the historical gradients that have been accumulated up to the most recent
iteration. Fig 10. Shows impact of learning rate of Neural Network.
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Fig 10. Impact of Learning Rate on Neural Network

5.3 Method of the Conjugate Gradient

The conjugate gradient (CG) method is applied in the process of solving nonlinear optimization issues in addition to
large-scale linear systems of equations. A slow convergence speed is characteristic of first-order approaches. On the other hand,
the approaches of the second order require a lot of resources. An intermediate algorithm known as conjugate gradient optimization
combines the benefits of first-order information with the high-order methods' ability to ensure rapid convergence.
5.4 Optimization without the use of derivatives

Certain optimization problems are almost always solvable by employing a gradient, notwithstanding the possibility that
the derivative of the objective function does not exist or is difficult to calculate. This is due to the fundamental characteristics of
the issue. Derivative-free optimization enters the picture at this point to help solve the problem. Instead of deriving solutions
methodically, it uses a heuristic algorithm that picks approaches that have previously been successful. There are numerous
examples of this: genetic algorithms, particle swarm optimization, and classical simulated annealing arithmetic. Fig.11 shows the
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zeroth order optimization.
5.5 Zeroth order optimization

Recent years have seen the development of derivative-free optimization's successor, zeroth order optimization, which
aims to remedy the faults of its predecessor. Methods of optimization that don't use derivatives have trouble scaling up to huge
problems and don't provide a way to analyze how quickly they converge on a solution.
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Fig 11. Zeroth Order Method
Advantages of the Zeroth Order include the following:
Ease of implementation that requires only a minor adjustment to the gradient-based methods that are most frequently employed.

Approximations of derivatives that are computationally efficient in situations when the derivatives themselves are difficult to
compute convergent rates that are comparable to those of first-order algorithms.

VI ELEMENTS OF AN OPTIMIZATION PROBLEM

Typically, an optimization problem consists of three main elements.
minimize f(x), w.r.t x, subjecttoa < x < b

a. The objective function (f(x)): The Objective Function (f(x)): The initial component is the objective function, denoted as
f(x), which aims to be either maximized or minimized. Typically, discussions focus on minimization problems, as a maximization
problem with f(x) can be transformed into a minimization problem by considering -f(x). Hence, without sacrificing generality, the
focus is primarily on minimization problems [10].

b. Decision Variables (x): The second component involves decision variables, denoted as x, which are chosen to minimize
the function. This is expressed as min f(x) [10].
c. Constraints (a < x < b): The third component comprises constraints that limit the range of x to a specific set, often

expressed as a < x < b. When examining an optimization problem, it is crucial to identify these three components.

VI VARIETIES OF OPTIMIZATION PROBLEMS
Exclusively based on the nature of constraints:

a. Constrained Optimization Problems: When a set of constraints is provided, and the solution must adhere to these
constraints, we refer to them as constrained optimization problems.

b. Unconstrained optimization problems: In cases where the constraint is missing we call them unconstrained optimization
problems.

Varied by the nature of objective functions, decision variables, and constraints:

a. In the scenario where the decision variable (x) is continuous: A variable x is considered continuous if it can assume an
infinite number of values. In such cases, x has the potential to take on an unending range of values within the interval from -2 to 2
[10].

min f(x), x € (-2, 2)

b. Linear Programming Problem: If the decision variable (x) is continuous and both the objective function (f) and all
constraints are linear, the problem falls under the category of a linear programming problem. Therefore, in this context,
the decision variables are continuous, the objective function is linear, and all constraints are linear as well [10].

c. Nonlinear Programming Problem: When the decision variable (X) remains continuous, but either the objective
function (f) or the constraints are non-linear, the problem is termed a non-linear programming problem. Therefore, a
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programming problem becomes non-linear if either the objective or the constraints are non-linear [10].

If the decision variable (x) is an integer variable: Integers are defined as numbers whose fractional part is 0 (zero), such
as-3,-2,1,0,10, and 100 [10].
min f(x), x €[0, 1, 2, 3]

d. Linear Integer Programming Problem: When the decision variable (x) is an integer variable, and both the objective
function (f) and all constraints are linear, the problem is termed a linear integer programming problem. Thus, in this
scenario, the decision variables are integers, the objective function is linear, and the constraints are also linear [10].

e. Nonlinear Integer Programming Problem: When the decision variable (x) is maintained as an integer, but either the
objective function (f) or the constraints are non-linear, the problem is referred to as a nonlinear integer programming
problem. Hence, a programming problem becomes nonlinear if either the objective or the constraints assume a non-linear
form [10].

f. Binary Integer Programming Problem:; When the decision variable (x) is restricted to only binary values, such as 0
and 1,the problem is categorized as a binary integer programming problem [10].

min f(x), x €[0, 1]

In the case where the decision variable (X) is a mixed variable: If a combination of continuous and integer variables is employed,
this type of decision variable is referred to as a mixed variable [10].
min f(x1, x2), x1 €[0, 1, 2, 3] and x2 € (-2, 2)

g. Mixed-Integer Linear Programming Problem: When the decision variable (x) is a mixed variable, and both the objective
function (f) and all constraints are linear, the problem is categorized as a mixed-integer linear programming problem.
Consequently, in this scenario, the decision variables are mixed, the objective function is linear, and the constraints are also
Linear [10].

h. Mixed-Integer Nonlinear Programming Problem: When the decision variable (x) is maintained as mixed, but
either the objective function (f) or the constraints are non-linear, the problem is identified as a mixed-integer
nonlinear programming problem. Thus, a programming problem transitions into a nonlinear state if either the
objective or the constraints assume non-linear characteristics [10].

VIl APPROACHES TO ADDRESSING OPTIMIZATION PROBLEMS

Usually, there are two approaches to addressing the majority of intricate numerical or scientific problems:

° Analytical Method: This illustrates the conventional theoretical method, often referred to as the "pen-and-paper”
approach, typically taught in traditional school or university curricula. These methods provide a precise solution for well-defined
mathematical problems that are solvable. For instance, when tasked with identifying the values of x for which the function f(x) =
2x"2 — 3x + 1 equals zero (commonly known as the "roots" of the polynomial), we are conventionally instructed to solve for the
roots of a generic second-degree polynomial ax*2 + bx + ¢ = 0, as demonstrated below:

_ —b+~{b* —dac

2a

x =05and 1.0

. Numerical Methods Approach: In this approach, the customary procedure involves initializing the process with an initial
guess value as a potential solution. Subsequent computations are then executed, entailing the assessment of the function f(x), and
the solution is iteratively refined until reaching the desired outcome, a state denoted as convergence. To illustrate, if a tolerance
level of 0.0001 is set, the iterations will halt when the value of f(x) equals or falls below 0.0001, indicating the attainment of
convergence in the entire optimization process. Well-known numerical methods for zero-finding encompass Newton's method, the
Secant method, Brent's method, and the Bisection method [12].

7.1 Optimization problems and solution methods
To address optimization problems, we employ two distinct approaches: Fig 11. Shows the solution methods

Optimization Problem Solution Methods:

Optimization ‘
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Solutions
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gives the “exact” solution to the problem, based on some iterative
problem, provided the optim. algorithm
problem has a “closed-form solution” - Can solve all types of optim. problems.
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Fig 11. Methods of optimization problem

o Analytical method: An example of this is the Ordinary Least Squares Method (OLS) utilized by the Linear Regression
class in the scikit-learn package in Python and the numpy polyfit function. As previously mentioned, the OLS technique furnishes
accurate coefficients (slopes and intercept terms) for the best-fit line [12].

. Iterative Solution: The commonly embraced iterative strategy for addressing optimization problems in machine
learning involves the utilization of the Gradient Descent Algorithm and its variations, encompassing Stochastic Gradient Descent
and MiniBatch Gradient Descent. Furthermore, advanced variants like RMSprop, Adam, Adadelta, Adagrad, Adamax, and
Nadam find application, especially in the domain of deep learning [12].

7.2 Determining the Appropriate Approach for Resolving Specific Optimization Problems

For unconstrained minimization, several methods are at one's disposal, including the Conjugate Gradient (CG), Newton’s
Conjugate Gradient, or the quasi-Newton Broyden, Fletcher, Goldfarb, and Shanno algorithm (BFGS). Additional options include
the Dog-leg Trust-region algorithm, Newton Conjugate Gradient Trust-region algorithm, and the Newton GLTR trust-region
algorithm. In a similar vein, when dealing with constrained optimization problems, both with and without bounds, a variety of
algorithms can be employed, such as Nelder-Mead, Limited-memory BFGS (L-BFGS), Powell’s method, Truncated Newton’s
Conjugate Gradient, Sequential Least Squares Programming (SLSQP), and others[12].

7.3 Implementation of Optimization

Certainly, optimization holds a pivotal role in every machine learning, including deep learning, algorithm, and data
science pursuit. Delve into the examination of the three data points presented in Table 3.

Table 3. Sample dataset

“

1 4.8
3 12.4
5 1155

Individuals with a background in machine learning will quickly recognize X1 as the independent variable, often referred to as
"features" or "attributes,” while Y represents the dependent variable, also termed the "target" or "outcome.” The primary goal for
any machine is to discern the relationship between X1 and Y, a process essentially "learned” by the machine through data, giving
rise to the concept of "machine learning." Similar to human learning from experiences, machines assimilate comparable
experiences in the form of data. Figure 12 illustrates optimization errors. Now, let's consider a scenario where the objective is to
determine the best-fit line for a set of three given data points. The plot below showcases these points represented by blue circles.
Additionally, there is a red line (with squares) identified as the "best-fit line™ through these three data points. For comparison, a
"poor-fitting" line (depicted in yellow) is also presented.

o Original Data
Poor-fit line
~#- Best-fit line

Error

——

y-values

10 15 20 25 30 35 40 45 50
x-values
Fig 12. Error comparison of 3 data points

The ultimate goal is to derive the equation for the best-fitting straight line that encompasses the three data points mentioned in the
above Table.3 [12].

Y=w,+wWX,  ommmmmmmemee- (1)
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Represents the equation of the best-fit line (depicted by the red line in the preceding plot), with w1 as the slope of the line and w0
as the intercept of the line. In the realm of machine learning, this optimal fit is commonly referred to as the Linear Regression
(LR) model, and w0 and w1 are termed as model weights or coefficients [12].

The anticipated values derived from the Linear Regression model (denoted as Y*) are illustrated by red squares in the preceding
plot. It is important to note that these predicted values may not precisely match the actual values of Y (depicted by blue circles).
The vertical disparity between them signifies the error in the prediction, as indicated by:[12].

Error,=Y,-Y, e (2)
For any it data point, | assert that this best-fit line will exhibit the minimum prediction error compared to all possible infinite

random "poor-fit" lines. The cumulative error across all data points is quantified by the Mean Squared Error (MSE) Function,
which is minimized for the best-fit line [12].

1 N ) l N o 2

MSE =53 (Error)’ =53 (Y, - Y)"  wooeeoeeeeee (3)
i=1 i=1

Where N represents the total number of data points in the dataset (in this instance, N equals 3). The mathematical pursuit of

minimizing or maximizing any quantity is designated as an optimization problem, and the point where the minimum/maximum is

attained is termed the optimal values of the variables [12].

(a) OLS Method:

i )

NS 4)
Evidently, L is a function contingent on model weights (w0 and w1), and the task at hand is to identify their optimal values
through the minimization of L. The optimal values are denoted by (*) in the Figure 13. [12].

* *
W% W=y

Wy w,

Fig 13. Optimal values find upon minimizing L

Without delving into the derivations in this article (which are planned for a follow-up piece), the ultimate optimal values of w0
and w1, where the MSE Loss function attains its minimum, are provided as follows: [12].

c Y-y

O] v )

>
|

Where 1 represents the mean of the values of X, feature. Similarly, Y is the mean of the ¥

Y

values, 1 is the mean of the products X1 times Y, 1 represents the product of the

2

means of X1 & Y, and 1 represents the mean of the squares of the values of X,. The
calculations are illustrated in the table below.

>

Table 4. Calculation of Mean of the square

L x v ox e
1 4.8 1

1x4.8

3 12.4 9 3x12.4

5 15.5 25 5x15.5
Mean 9/3  327/3 35/3 (119.5)/3
=3 =109 =11.67 =39.83
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o [3983-06x109)] 713
1 [(1167)-(37 | 267

wo =10.9—(2.6704%3) = 2.88

7.4 Exploring Convexity and Concavity

In the realm of data science and optimization, a foundational understanding of convex and concave functions is crucial. These
mathematical concepts have significant implications for uncovering optimal solutions and gaining insights into the behavior of
various algorithms.

7.4.1 Convex Function

A function is considered convex if, for any two points within its domain, the line segment connecting those two points lies either
above or coincides with the graph of the function. Mathematically, a function f(x) is convex when the following inequality holds
for any points x and y within its domain, and for any value of t between 0 and 1: [12].

f((1-t)*x+t*y)<(1-t)*f(x)+t*f(y)

A function is deemed convex when, for any two points within its domain, the line segment connecting those two points either lies
above or coincides with the graph of the function. In mathematical terms, a function f(x) is convex if:

7.4.1.1 Optimization with Convex Functions in Data Science

o Linear regression's optimization problem centers on minimizing the convex function, the mean squared error. This error
metric is convex concerning model parameters (coefficients) due to its composition as the sum of squared differences, with the
inherent convexity of the square function.

o Support Vector Machines (SVM) formulate their optimization problem as the search for a hyperplane that maximizes
data separation, translating into a convex quadratic programming problem. The objective of optimizing the margin is inherently a
convex function.

o Logistic regression employs the logistic loss function, or cross-entropy loss, which is inherently convex. This function
quantifies the difference between predicted probabilities and true binary class labels.

o Ridge regression addresses its optimization problem by minimizing a convex function, a combination of the mean
squared error and the L2 regularization term. The convexity is maintained through the square function applied to the L2
regularization term, which is the squared sum of model coefficients.

o Support Vector Regression (SVR) minimizes a convex function representing the loss due to deviations from true target
values. It allows specific deviations within a tolerance margin (epsilon).

o Elastic Net's optimization problem revolves around minimizing a convex function, incorporating the mean squared error
and a combination of L1 and L2 regularization terms. The convex nature of both L1 and L2 regularization terms ensures the
overall convexity of the objective function [12].

7.4.2 Utilizing Convex Functions for Optimization in Data Science

f(L-t)y*x+t*y)>A-t)*f(x)+t*fly)for0<t<1

A concave function exhibits a shape reminiscent of an inverted bowl or a cave, featuring a distinctive global maximum.
Consequently, any local maximum within the function is also its global maximum. Figure 14 illustrates both convex and concave
functions [12].

20

15

10

—— Convex Function: 2x~2 -4x + 3
-10 - Concave Function: -x~2 + 4x + 2

Y -1 0 1 2 3 4

Fig 14. Convex and Concave Functions
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7.4.2.1 Optimization with Concave Functions in Data Science

o Within decision trees, the entropy function serves as a metric for impurity or uncertainty within a node. The primary goal
is to diminish this uncertainty by choosing a split that maximizes information gain, effectively minimizing the concave entropy
function.

o The likelihood function evaluates how effectively a model's parameters explain observed data. The transformation of the
optimization problem into a concave function, achieved through the negative logarithm of the likelihood, streamlines the
minimization process to uncover maximum likelihood estimates of model parameters.

o Numerous data science tasks, encompassing probabilistic modeling, clustering, and information retrieval, often revolve
around determining the optimal probability distribution aligned with the target distribution. This alignment is attained through the
minimization of the concave Kullback-Leibler (KL) divergence between the two distributions.

o Various machine learning endeavors, including clustering and feature selection, employ conditional entropy to optimize
the assignment of data points to clusters or select the most informative features.

o In Bayesian statistics, the negative log-likelihood of the Gaussian distribution functions as a concave loss function for
specific regression tasks, such as maximum a posteriori (MAP) estimation.

o Reinforcement learning agents aspire to acquire policies maximizing cumulative rewards. The utilization of the negative
exponential function of the expected reward motivates agents to take actions leading to higher rewards while avoiding those with
lower rewards. Figure 15 provides an illustration of commonly used methods for optimizing data science tasks [12].
Data Visuaiization | -
Logimic Regression | <
Crossvalicstion I =

Convex DecisionTrees |G
b Random Foress |G
Optimization Timeseries Anclysis NN .
eural TV -3 2%
problems ——

PCAand Dimensionality Reduction [N -
kNN and Orher Clustering N :c-
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Fig 15. Data Science Methods Most used
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CONCLUSION

In conclusion, the burgeoning field of data science is dedicated to unraveling the intricacies of extensive datasets through diverse
methodologies, with the overarching goal of augmenting data comprehension. A foundational understanding of statistics, linear
algebra, and optimization proves indispensable in navigating the nuances of data science. The relentless pursuit of refining model
performance involves the intricate process of optimizing parameters and hyperparameters, meticulously seeking optimal values to
achieve desired outcomes. This study serves as a comprehensive exploration, introducing a spectrum of algorithms, both
contemporary and established, with a keen emphasis on accessibility and ease of implementation. The narrative extends beyond
algorithmic intricacies to encompass an appreciation of theoretical analyses, aiding in the discernment of which algorithm is most
suited to particular data science challenges. The study's objectives encompass the identification of diverse optimization problems,
establishing connections with relevant solution methods, and the hands-on application of optimization techniques for tackling
modest problems. Furthermore, the study engages in insightful discussions, shedding light on the nuanced interpretation of
optimization solutions and their sensitivity to variations in parameter values. By providing a holistic perspective, this research
contributes to the foundational knowledge base essential for practitioners and researchers in the dynamic realm of data science.
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