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Previous Iterations of CS 231A used MATLAB
Modern AI uses modern languages => Python is one such language.

● Also doesn’t cost $X,000 per month to use.

For this course we’ll be using Python (specifically Python 2.7).



Outline
Python Review

Linear Algebra Review + Linear Algebra in Python (with NumPy)



Python Review



Python
print “Hello, World!”

High-level, easy-to-use programming language

You should already be proficient in programming
● Being proficient with Python is a plus, but not strictly necessary

We’ll cover some basics today



Variables
a = 6
b = 7
string_var = “Hello, World!”
also_a_string_var = ‘Hello, World!’
c = a+b
print c
>>> 13

print string_var, a, b
>>> Hello, World! 6 7



Lists
empty_list = list()
also_empty_list = []
zeros_list = [0] * 5
print zeros_list
>>> [0, 0, 0, 0, 0]

empty_list.append(1)
print empty_list
>>> [1]

print len(empty_list)
>>> 1



List Indexing
list_var = range(10)
print list_var
>>> [0, 1, 2, 3, 4, 5, 6, 7, 8, 9]

print list_var[4]
>>> 4

print list_var[4:7]
>>> [4, 5, 6]

print list_var[0::3] # Empty index means to the beginning/end
>>> [0, 3, 6, 9]



List Indexing (cont’d)
print list_var
>>> [0, 1, 2, 3, 4, 5, 6, 7, 8, 9]

print list_var[-1]
>>> 9

print list_var[::-1]
>>> [9, 8, 7, 6, 5, 4, 3, 2, 1, 0]

print list_var[3:1:-1]
>>> [3, 2]



Dictionaries (similar in function to Map in Java)
empty_dict = dict()
also_empty_dict = {}
filled_dict = {3: ‘Hello, ’, 4:‘World!’}
print filled_dict[3] + filled_dict[4]
>>> Hello, World!

filled_dict[5] = ‘New String’
print filled_dict
>>> {3: 'Hello, ', 4: 'World!', 5: 'New String'}



Dictionaries (cont’d)
print filled_dict
>>> {3: 'Hello, ', 4: 'World!', 5: 'New String'}

del filled_dict[3]
print filled_dict
>>> {4: 'World!', 5: 'New String'}

print len(filled_dict)
>>> 2



Functions, Lambda Functions
def add_numbers(a, b):

return a + b

print add_numbers(3, 4)
>>> 7

lambda_add_numbers = lambda a, b: a + b
print lambda_add_numbers(3, 4)
>>> 7



Loops, List and Dictionary Comprehensions
for i in range(10):

print ‘Looping %d’ % i
>>> Looping 0
...
>>> Looping 9

filled_list = [a/2 for a in range(10)]
print filled_list
>>> [0, 0, 1, 1, 2, 2, 3, 3, 4, 4]

filled_dict = {a:a**2 for a in range(5)}
print filled_dict
>>> {0: 0, 1: 1, 2: 4, 3: 9, 4: 16}



Linear Algebra Review + 
How to do it in Python



Why use Linear Algebra in Computer Vision?
As you’ve seen in lecture, it’s useful to represent many quantities, e.g. 3D points 
on a scene, 2D points on an image.

Coordinates can be used to perform geometrical transformations and associate 
3D points with 2D points (a very common camera operation).

Images are literally matrices filled with numbers (as you will see in HW0).



Vector Review

*Courtesy of last year’s slides.



Vector Review

*Courtesy of last year’s slides.



Matrix Review

*Courtesy of last year’s slides.



Matrices and Vectors (in Python)

import numpy as np
A supremely-optimized, well-maintained scientific computing package for Python.

As time goes on, you’ll learn to appreciate NumPy more and more.

Years later I’m still learning new things about it!



Matrices and Vectors (in Python)

import numpy as np

M = np.array([[1, 2, 3], 
              [4, 5, 6], 
              [7, 8, 9]])

v = np.array([[1], 
              [2], 
              [3]])



Matrices and Vectors (in Python, cont’d)

print M.shape
>>> (3, 3)

print v.shape
>>> (3, 1)

v_single_dim = np.array([1, 2, 3])
print v_single_dim.shape
>>> (3,)



Matrices and Vectors (in Python, cont’d)

print v + v
>>> [[2]
     [4]
     [6]]

print 3*v
>>> [[3]
     [6]
     [9]]



Other Ways to Create Matrices and Vectors
NumPy provides many convenience functions for creating matrices/vectors.



Other Ways to Create Matrices and Vectors (cont’d)

v1 = np.array([1, 2, 3])
v2 = np.array([4, 5, 6])
v3 = np.array([7, 8, 9])
M = np.vstack([v1, v2, v3])
print M
>>> [[1 2 3]
     [4 5 6]
     [7 8 9]]

# There is also a way to do this horizontally => hstack



Matrix Indexing

print M
>>> [[1 2 3]
     [4 5 6]
     [7 8 9]]

print M[:2, 1:3]
>>> [[2 3]
     [5 6]]



Dot Product

*Courtesy of last year’s slides.



Cross Product

*Courtesy of last year’s slides.



Cross Product

*Courtesy of last year’s slides.



Matrix Multiplication

*Courtesy of last year’s slides.



Basic Operations - Dot Multiplication

print M.dot(v)
>>> [[ 9]
     [-4]
     [ 5]]

print v.dot(v)
>>> ValueError: shapes (3,1) and (3,1) not aligned: 1 (dim 
    1) != 3 (dim 0)

print v.T.dot(v)
>>> [[14]] # Why these brackets? Because it’s (1,1)-shaped



Basic Operations - Cross Multiplication
print v1.cross(v2)
>>> Traceback (most recent call last):
      File "<stdin>", line 1, in <module>
    AttributeError: 'numpy.ndarray' object has no attribute     
    'cross'

# Yeah... Slightly convoluted because np.cross() assumes 
# horizontal vectors.
print np.cross(v1, v2, axisa=0, axisb=0).T
>>> [[-15]
     [ -2]
     [ 39]]



Basic Operations - Element-wise Multiplication

print np.multiply(M, v)
>>> [[ 3  0  2]
     [ 4  0 -4]
     [ 0  3  3]]

print np.multiply(v, v)
>>> [[1]
     [4]
     [9]]



Orthonormal Basis
= Orthogonal and Normalized Basis

*Courtesy of last year’s slides.



Transpose

*Courtesy of last year’s slides.



Basic Operations - Transpose

print M.T
>>> [[1 4 7]
     [2 5 8]
     [3 6 9]]

print v.T
>>> [[1 2 3]]

print M.T.shape, v.T.shape
>>> (3, 3) (1, 3)



Matrix Determinant

*Courtesy of last year’s slides.



Matrix Inverse

*Courtesy of last year’s slides.



Basic Operations - Determinant and Inverse

print np.linalg.inv(M)
>>> [[ 0.2  0.2  0. ]
     [-0.2  0.3  1. ]
     [ 0.2 -0.3 -0. ]]

Be careful of matrices that are not invertible!

print np.linalg.det(M)
>>> 10.0 # Thankfully ours is.



Matrix Eigenvalues and Eigenvectors

*Courtesy of last year’s slides.



Matrix Eigenvalues and Eigenvectors

*Courtesy of last year’s slides.



Basic Operations - Eigenvalues, Eigenvectors

eigvals, eigvecs = np.linalg.eig(M)
print eigvals
>>> [-1. -2.]

print eigvecs
>>> [[ 0.70710678 -0.4472136 ]
     [-0.70710678  0.89442719]]

NOTE: Please read the NumPy 
docs on this function before using 
it, lots more information about 
multiplicity of eigenvalues and etc 
there.



Singular Value Decomposition

*Courtesy of last year’s slides.



Singular Value Decomposition

*Courtesy of last year’s slides.



Singular Value Decomposition
U, S, Vtranspose = np.linalg.svd(M)
print U
>>> [[-0.95123459  0.23048583 -0.20500982]
     [-0.28736244 -0.90373717  0.31730421]
     [-0.11214087  0.36074286  0.92589903]]

print S
>>> [ 3.72021075  2.87893436  0.93368567]

print Vtranspose
>>> [[-0.9215684  -0.03014369 -0.38704398]
     [-0.38764928  0.1253043   0.91325071]
     [ 0.02096953  0.99166032 -0.12716166]]

Recall SVD is the 
factorization of a matrix 
into the product of 3 
matrices, and is 
formulated like so:

M = UΣVT



More Information
Here’s a fantastic Python tutorial from CS 231N: 
http://cs231n.github.io/python-numpy-tutorial/

There’s also an IPython notebook containing the above tutorial:
https://github.com/kuleshov/cs228-material/blob/master/tutorials/python/cs228-pyt
hon-tutorial.ipynb 

Office hours!

The rest of the internet!
● Python is a very popular language => There’s lots written about it!

http://cs231n.github.io/python-numpy-tutorial/
http://cs231n.github.io/python-numpy-tutorial/
https://github.com/kuleshov/cs228-material/blob/master/tutorials/python/cs228-python-tutorial.ipynb
https://github.com/kuleshov/cs228-material/blob/master/tutorials/python/cs228-python-tutorial.ipynb
https://github.com/kuleshov/cs228-material/blob/master/tutorials/python/cs228-python-tutorial.ipynb


Thanks!
Questions


