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Preface
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Mathematics and Python, two of the most powerful tools for exploring the world of logic, structure, and computation, are at the heart of this trilogy. With this book, From Numpy to NetworkX: A Pythonic Adventure in Mathematics, we arrive at the grand finale of this series dedicated to blending mathematical rigor with Python’s unparalleled programming capabilities. 

This book builds on the foundation laid in my previous works, A Not Too Short Introduction to Python and When Maths Meets Python: 100 Coding Experiments for Problem Solvers. While the first book introduced readers to the fundamentals of Python, and the second offered an exciting exploration of problem solving through 100 mathematical coding experiments, this final installment ventures into the field of advanced mathematics. Covering topics that span senior year high school to first year university levels, this book is designed for learners who are ready to deepen their understanding of both mathematics and computational tools. 

The adventure begins with Chapter 1, where we explore matrices through Python’s Numpy library, building a computational foundation for linear algebra. In Chapter 2, we turn to Matplotlib, using visualisation to bring mathematical concepts and data to life. Chapter 3 explores linear transformations, linking abstract ideas with real world applications in geometry and algebra. As we move further, Chapter 4 introduces statistics, offering powerful tools for analysing and interpreting data. In Chapter 5, we revisit calculus with computational twist, using Python to perform numerical differentiation and integration. Chapter 6 takes us into optimisation, teaching you how to approach problems that demand finding optimal solutions – a skill essential in fields from economics to machine learning. Finally, Chapter 7 focuses on graphs and networks, utilizing Python’s NetworkX library to uncover the structure and dynamics of interconnected systems. 

Each chapter is crafted to not only teach the mathematics behind these topics, but also demonstrate how Python can make these ideas interactive, visual, and practical. Along the way, you’ll find step-by-step coding explanations designed to inspire you. 

This book embodies my journey to make mathematics more accessible and engaging through Python. It is written for students, educators, and anyone who has followed this series or is eager to explore advanced mathematical topics with computational tools. My hope is that by the end of this journey, you will not only have a strong grasp of the mathematical topics covered but asl feel empowered to use Python as a lifelong problem solving companion. 

Thank you for joining me on this Pythonic adventure. I hope this final chapter of the trilogy inspires you to continue exploring, learning, and creating. 
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Dr. Robin’s Python Lab

Melbourne
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Chapter 1.  Coding Matrices by Numpy Arrays 
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Two-dimensional (2D) arrays, commonly used to represent matrices, are essential tools in numerical computing. Python’s scientific computing ecosystem, led by the Numpy library, provides robust support for creating and manipulating 2D arrays, enabling high performance numerical operations for tasks such as matrix arithmetic, transformations, and data analysis. 

While Numpy arrays may look similar to Python’s built-in lists at first glance, they differ significantly. Unlike Python lists, which are versatile containers capable of holding objects of various types. Numpy arrays are homogeneous – they store elements of the same data type and are of fixed size. This homogeneity and fixed size contribute to the efficiency of operations on Numpy arrays, making them significantly faster than their Python list counterparts for numerical operations. 

Beyond the basic array structures, Numpy offers an extensive suite of mathematical operations, functions, and specialised modules for advanced computations such as linear algebra and Fourier transformations. These features make it an indispensable library for scientific and engineering applications. 

In this chapter, we’ll start by overviewing the fundamental data structures provided by Numpy and the various ways to create arrays. Following that, we’ll explore operations for array manipulation and numerical computations to better understand how these tools can streamline and enhance your coding practices. 
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1.1  The Numpy array object 
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In Numpy, the numpy.ndarray class serves as the core data structure for storing and manipulating matrix and vector data. It functions similarly to variables in MATLAB, making it familiar to those with a background in numerical computing. You can initialise an instance of ndarray using the np.array function to convert Python lists into Numpy arrays. 

1. >>> import numpy as np

2. >>> a = np.array([[1, 2, 3], [4, 5, 6]])

3. >>> a

4. array([[1, 2, 3],

5.   [4, 5, 6]])

6. >>> a.shape  # Returns the dimensions of the array

7. (2, 3)

8. >>> a.ndim  # Number of dimensions

9. 2

10. >>> a.size  # Total number of elements in the array

11. 6

12. >>> a.dtype  # Data type of the array's elements

13. dtype('int32')

14. >>> type(a)  # Verifies the object type

15. <class 'numpy.ndarray'>

Another class in Numpy, numpy.matrix, also handles matrix operations. However, it is less commonly used and often discouraged in the Python community due to certain limitations. For this reason, this chapter focuses solely on the numpy.ndarray class. 

An important feature of numpy.ndarray is its treatment of vectors as one-dimensional (1D) arrays. Unlike mathematical conventions, Numpy does not explicitly define vectors as row or column-oriented. This behaviour is illustrated in the example below:

>>> a = np.array([1, 2, 3])  # Creating a 1D array (vector)

>>> a.T  # Transpose has no effect on 1D arrays

array([1, 2, 3])

>>> np.shape(a)  # Returns the shape of the array

(3,)

>>> b = np.array([[1, 2, 3]])  # Creating a 2D array (row vector)

>>> b.T  # Transpose changes the orientation to a column vector

array([[1],

[2],

[3]])

>>> b.T.shape  # Shape of the transposed array

(3, 1) 

This distinction between 1D and 2D arrays is crucial in linear algebra and other numerical computations. By understanding these properties, you can effectively leverage Numpy’s capabilities to handle complex mathematical operations and streamline your computations. 
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1.2  Creating arrays
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In the previous section, we explored Numpy’s foundational data structure, the ndarray class, and its core attributes. Now, let’s dive into the various functions provided by Numpy for creating and initialising arrays. 

Array Creation with np.array and np.asarray

The most common way to create a Numpy array is by using the np.array function, which converts a Python list into a Numpy array. Alternatively, the np.asarray function performs a similar task but behaves differently when the input is already an ndarray. Below is an example illustrating the difference: 

>>> import numpy as np

>>> a = np.array([1, 2])

>>> b = np.array(a)  # Creates a new array

>>> b

array([1, 2])

>>> a is b  # Different objects

False

>>> c = np.asarray(a)  # Does not create a new array

>>> c is a  # Same object

True

>>> b[0] = 25  # Changes b but not a

>>> a

array([1, 2])

>>> c[0] = 25  # Changes c and also a (shared reference)

>>> a

array([25, 2])

––––––––
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Creating special matrices 

Numpy provides a variety of functions for generating special types of arrays. Below are some examples:

	Zero matrix: A matrix filled with zeros. 


>>> np.zeros((2, 2))

array([[0., 0.],

[0., 0.]])

	Matrix of ones: A matrix filled with ones. 


>>> np.ones((2, 1))

array([[1.],

[1.]])

	Diagonal matrix: A square matrix with specified diagonal elements.


>>> np.diag([1, 2, 3])

array([[1, 0, 0],

[0, 2, 0],

[0, 0, 3]])

	Identity matrix: A square matrix with ones on the diagonal. 


>>> np.eye(3)

array([[1., 0., 0.],

[0., 1., 0.],

[0., 0., 1.]])

	Shifted identity matrix: Diagonal shifted by a specific offset.


>>> np.eye(3, k=1)

array([[0., 1., 0.],

[0., 0., 1.],

[0., 0., 0.]])

	Constant matrix: A matrix filled with a specific constant.


>>> np.full((2, 2), 3)

array([[3, 3],

[3, 3]])

	Random matrix: A matrix with random values between 0 and 1. 


>>> np.random.random((2, 2))

array([[0.27320856, 0.48071151],

[0.59207101, 0.93715633]])

––––––––
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Arrays with evenly spaced values

In numerical computations, arrays with evenly spaced values are often required. Numpy provides two useful functions for this purpose: np.arange and np.linspace. 

	np.arange: Generates values from a start to an end value with a specified increment. 


>>> np.arange(0.0, 11, 1)

array([ 0.,  1.,  2.,  3.,  4.,  5.,  6.,  7.,  8.,  9., 10.])

	np.linspace: Generates values from a start to an end  value, specifying the total number of elements. 


>>> np.linspace(0, 10, 11)

array([ 0.,  1.,  2.,  3.,  4.,  5.,  6.,  7.,  8.,  9., 10.])

Both functions are indispensable for tasks requiring systematic exploration or sampling within a range of values. 

Indexing and slicing of 1D arrays 

Accessing elements and subarrays in Numpy is straightforward, using square brackets notation similar to Python lists. Here’s how indexing and slicing work for 1D arrays:

import numpy as np

# Create a 1D NumPy array

a = np.arange(0, 11)

print(a)  # Output: array([ 0,  1,  2,  3,  4,  5,  6,  7,  8,  9, 10])

# Access the first and last elements

print(a[0])  # Output: 0

print(a[-1])  # Output: 10

# Slice a subarray: elements from index 1 to -1 (exclusive)

print(a[1:-1])  # Output: array([1, 2, 3, 4, 5, 6, 7, 8, 9])

# Slice with a step: every second element in the range

print(a[1:-1:2])  # Output: array([1, 3, 5, 7, 9])

# First 5 elements

print(a[:5])  # Output: array([0, 1, 2, 3, 4])

# Last 5 elements

print(a[-5:])  # Output: array([ 6,  7,  8,  9, 10])

# Reverse the array and select every second element

print(a[::-2])  # Output: array([10,  8,  6,  4,  2,  0])

# Full array slices (these are equivalent)

print(a[:])  # Output: array([ 0,  1,  2,  3,  4,  5,  6,  7,  8,  9, 10])

print(a[::])  # Output: array([ 0,  1,  2,  3,  4,  5,  6,  7,  8,  9, 10])

print(a[::1])  # Output: array([ 0,  1,  2,  3,  4,  5,  6,  7,  8,  9, 10])

––––––––
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Creating multi-dimensional arrays with functions 

The np.fromfunction method is a powerful way to generate multi-dimensional arrays in Numpy. It applies a given function to the coordinates of each element in the array, making it easy to define patterns or relationships programmatically. Here’s how it works:

	Basics of np.fromfunction


The function you pass to np.fromfunction receives indices of the array (e.g., i and j for a 2D array) as arguments. You can use these indices to define the value of each element. 

import numpy as np

# Create a 3x3 array where each element equals its row index i

a = np.fromfunction(lambda i, j: i, (3, 3))

print(a)

# Output:

# array([[0., 0., 0.],

#  [1., 1., 1.],

#  [2., 2., 2.]])

# Create a 3x3 array where each element equals its column index j

b = np.fromfunction(lambda i, j: j, (3, 3))

print(b)

# Output:

# array([[0., 1., 2.],

#  [0., 1., 2.],

#  [0., 1., 2.]])

	Advanced example


You can use more complex functions to define relationships between indices. 

# Define a function that calculates n + 10 * m













Slicing operations in multi-dimensional arrays
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Indexing multi-dimensional arrays
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Accessing elements





Slicing














Indexing with lists in multi-dimensional arrays


	Selecting rows – Use a list of indices to extract specific rows:






	Selecting specific elements – Combine two lists to index specific elements:




	Modifying selected elements – Assign new values to specific elements:








Views vs. Independent arrays


	View (Slice) – Changes to a view affect the original array:









	Independent array (list indexing) – Changes to an independent array do not affect the original:










Boolean indexing in Numpy


	Basic Boolean indexing













	Behaviour: Copy vs. View







	Modifying elements with Boolean indexing







	Boolean indexing in multi-dimensional arrays






















Reshaping, resizing, and merging in Numpy














	Flattening a 2D array:





	Adding new dimensions:













	Flattening arrays







	Stacking arrays





















	Concatenation and appending
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A truth table example
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Broadcasting


	Elementwise addition:








	Reshaping for compatibility:







	Implicit conversion: Lists can be broadcast without explicitly converting to Numpy arrays:






	Elementwise multiplication: Broadcasting applies to operations like multiplication:






	Nested lists: Broadcasting works with nested lists directly:







Elementwise arithmetic operations in Numpy


	Basic arithmetic:














	Elementwise multiplication and division:










	Scalar operations: 










	Shape compatibility:
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	Inplace vs. Reassignment operators








Elementwise functions in Numpy































Aggregate functions


























Boolean arrays and conditional expressions 













	Boolean arrays







	Conditional selection with np.where









	Counting True values in Boolean arrays
















	Logical operators










Keywords and / or vs. Bitwise operators & / |


	Boolean keywords







	Bitwise operators











	Boolean arrays in Numpy












	Practical example: Combining conditions












	Boolean masking















Matrix and vector operations


	Vector operations: Dot and cross products









	Matrix operations: Inversion, determinant, and eigenvalues















	Singular value decomposition (SVD)












	Dot product for matrix multiplication 
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