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Maths for ML

1. Given a vector of €, we can calculate " ¢? using €€
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EN Nx1
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3. For a scalar s
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4. Derivative of a scalar s wrt a vector 6
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Linear Functions: Row Vector Times Column Vector

Definition: Setup

Configuration:

« AT is a row vector (1 x n matrix)
« @ is a column vector (n x 1 matrix)

« AT0 produces a scalar

Example: Concrete Example
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Linear Functions: Row Vector Times Column Vector

Key Points: Matrix Multiplication Result

ATO = A6 + Ay

This is a scalar! (Linear combination of parameters)

J

Important: ML Relevance

This form appears everywhere in ML:

Tx

« Linear regression: w
- Neural networks: w’h+ b

« Loss functions: ¢’0
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Gradient of Linear Function: Key Result

Key Points: Computing the Gradient

Goal: Find 2422 where AT = A6, + Ay

J

Example: Step-by-Step Calculation

0ATO | F-(Aib:1 + Asty)
00 95 (A161 + Agfho)

\




Gradient of Linear Function: Key Result

Important: Fundamental Rule

O0ATo
00 A

This is one of the most important rules in ML opti-
mization!




Quadratic Forms and
Their Derivatives



Quadratic Forms: Introduction

Definition: Quadratic Form Derivative Rule

Key Result: For matrix Z of form X'X:

(%(eTza) =276

J

Example: Understanding X7 X Matrices

Starting with:

_|la b T _|la c
o
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Quadratic Forms: Introduction

Key Points: Computing Z= X' X

2
Ty | @ + ab+cd
Z_XX_[abJrcd b+, ,

J

Important: Symmetric Property

Key Observation: Z; = Z; = Z" = Z (symmetric matrix)
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Let

el 0
020 [0 0, |5 | R
2x1

01 + gt

0720 = et? + 20,05 + gb3

The term @720 is a scalar.
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o - o
%9 Z0 = 89(69 +2ﬂ9192—|—g92)
0
a0, ——(ef? + 29105 + gb3)
= o )
892(60 +2f0192+g92)

_[2e01+2ﬂ92}: [e f]'

210, + 202
=270 =22"0

f g
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Matrix Rank and
Invertibility



Matrix Rank: Fundamental Concept

Definition: What is Matrix Rank?

Rank = Maximum number of linearly independent rows (or
columns)

Key Points: Two Equivalent Perspectives

For an r x ¢ matrix:

- Row perspective: r row vectors, each with ¢ elements

- Column perspective: ¢ column vectors, each with r
elements




Matrix Rank: Fundamental Concept

Example: Maximum Rank Rules

« If r < ¢ Maximum rank = r (more columns than rows)
« If r> ¢ Maximum rank = ¢ (more rows than columns)

« If r=c: Maximum rank = r = ¢ (square matrix)
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Maths for ML: Matrix Rank

- Given a matrix A:

N = O
~N N =
oo — N

« What is the rank?

e« r=c=23. Thus, rank is <=3

« Row(3) = 3 x Row(1) 4+ 2 x Row(2).

« Thus, Row(3) is linearly dependent on Row(1) and Row(2).
« rank(A)=2
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Maths for ML: Matrix Rank

What is the rank of

12 4 4
X_[3480]

Since X has fewer rows than columns, its maximum rank is
equal to the maximum number of linearly independent rows.
And because neither row is linearly dependent on the other row,
the matrix has 2 linearly independent rows; so its rank is 2.
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Pop Quiz #1

What is the rank of a 3 x 3 matrix A formed by the outer product
of two non-zero vectors, u (3 x 1) and v" (1 x 3)?

A

N W

) 0
) 1
) 2
D) 3

Answer: B) 1




Maths for ML: Rank of an Outer Product

Key Points: Matrix Formation

First, let's construct the matrix A = uv’:
uy uivy upve  U1v3
A= us [Vl V9 Vg] = usvy UaVy UQV3

u3 uzvy uzva uzva
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Maths for ML: Rank of an Outer Product

« Look at the columns: Each column is just a scalar multiple of the
original vector u.

Column 1 =wviu, Column 2 = vau, Column 3 = vsu

- Look at the rows: Similarly, each row is a scalar multiple of the original
vector v'.

T T T
Row1=uwuv', Row?2=uwv, Row3=usv

Important: Conclusion

Since all rows and columns are linearly dependent on a single vector,
the maximum number of linearly independent rows (or columns) is one.
Therefore, the rank of the matrix is 1.
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Maths for ML: Matrix Inverse

Suppose A is an n x n matrix. The inverse of A is another n x n
matrix, denoted A~!, that satisfies the following conditions.

AA'=A"1A=1,

where [, is the identity matrix.
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Maths for ML: Matrix Inverse

There are two ways to determine whether the inverse of a square
matrix exists.

o If the rank of an n x n matrix is less than n, the matrix does
not have an inverse.

« When the determinant for a square matrix is equal to zero,
the inverse for that matrix does not exist.

A square matrix that has an inverse is said to be nonsingular or
invertible; a square matrix that does not have an inverse is said
to be singular.

Not every square matrix has an inverse; but if a matrix does
have an inverse, it is unique.
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Generalizing Derivatives:
Gradients and Jacobians



Derivatives of R” — R: The Gradient

Definition: Recap: Derivative of a Scalar Function

For a function f: R" — R that takes a vector @ € R" and returns a
scalar, its derivative is the gradient.

Of

i
VA6) = (%f = ‘9?2

of

90 d nx1

Note: By convention in ML, the gradient is a column vector.

J

Important: Geometric Intuition

The gradient vector V(@) points in the direction of the steepest as-
cent of the function f at point 8. The magnitude ||[V(0)]| gives the
rate of that increase.

N

)
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From R” —+ R to R" — R™

Important: Handling Vector Outputs

What if our function takes a vector and also outputs a vec-
tor?

Let f: R” — R™. We can think of f as a stack of m
scalar-valued functions:

mx1

Question: How do we differentiate fwith respect to 67
We need to track how every output changes with respect
to every input.

N
w
N



The Jacobian Matrix

Definition: The Derivative of a Vector Function

The derivative of f: R” — R™ is the Jacobian matrix J,
an m x n matrix of all first-order partial derivatives.

of  Oh . 0h
20, 00 90,
o oh .. Of
g 9f _ oo a0, 90,
96 L .
Oy Ofn ... O

001 902 99n4 mxn

Key Structure: Row j of the Jacobian is the transpose of
the gradient of the i~th output function, f;.

(D = (VHO)T




Jacobian: A Concrete Example

Consider f: R? — R? with @ = [0y,6]".
) {flwl,ew] _ [ 030, ]
(61, 02) 501 + sin(62)
The Jacobian J will be a 2 x 2 matrix.

of o
_ | 06 00
J=1%% 9%
001 002

[0 02
| 5 cos(f2)
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Visualizing Functions: Graphs and Level Sets

Definition: The Graph of a Function

For a function f: R" — R, its graph is the set of all input-output pairs.

Graph(f) = {(6,(8)) | 6 € R"}

This graph lives in one higher dimension, R™"*,
Example: For f: R? — R, the graph is a surface in 3D space.

J

Definition: Level Sets (Contours)

A level set (or contour) is the set of all points in the domain where the
function's output is a constant value, c.

Level Setc. = {6 € R" | () = ¢}

This set lives in the original domain space, R".




Surplus - Directional Derivative

Important: Why the Gradient is the Steepest Direction

o Let’s define a line through x € R” on the function
f:R"™ — R in direction v as ¢(t) = x+ tv. The rate of
change of f along this line is d%f(c(t)).

« Using the chain rule, this derivative is Vf{¢(t)) - €(t).
At our point x (where t = 0), this becomes Vf(x) - v.

« From geometry, we know
VAx)-v=||VAx)|| ||v|]| cos(#). Since ||v|| =1, this
value is maximized when cos(f) = 1.

» This occurs when v points in the same direction as
Vf(x). Thus, the gradient points in the direction of
steepest ascent.
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