
Lecutre 2: ML Basics from 
Representation Learning view



Today:
00:00)  Supervised learning formalized
00:10)  Linear regression & normal equations
00:20)  Gradient descent
00:45)  ---- Break ----
01:00)  Tensor operations
01:45)  ---- Break ----
02:00)  Feature transform & nonlinearity
02:20)  Error decomposition & fitting
02:45) ---- Break ----
03:00)  Tutorial (Oren): Linear Classification



Supervised Learning

Features Labels

Insta
nces













Normal Equations

Q: Will normal equations always be practical?

A: No;
1. Inverting 𝑿(𝑿 may cost unreasonable memory / time
2. Sometimes not applicable: Regularization? Different loss? Non-linearity?



Gradient descent

Possible solution:  Iteratively reduce loss

Can we guarantee global min?













Full batch Gradient Descent

Stochastic Gradient Descent

Stochastic Mini-Batch 
Gradient Descent

Gradient descent

𝜽:= 𝜽 − 𝛼𝜵ℒ 𝜽; 𝑆

𝜽:= 𝜽 − 𝛼𝜵ℒ 𝜽;	𝑥K , 𝑦K 	
	

	𝑖~𝑈[1,𝑀]

𝜽:= 𝜽 − 𝛼𝜵ℒ 𝜽;𝑩 	
	

	𝑩 = 𝑥K , 𝑦K 	; 	 𝒊~𝑈L[1,𝑀]
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Full batch Gradient Descent

Stochastic Gradient Descent

Stochastic Mini-Batch 
Gradient Descent

Gradient descent



Gradient descent for Linear Regression
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Repeat until convergence:  
   {

𝜽:= 𝜽	 − M
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Q: Find the relation between 
convergence and Normal Equations
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Penrose graphical notation

scalar  (order 0)

vector  (order 1)

matrix  (order 2)

tensor  (order 4)

A

tensor = box

i

index = leg wire = contraction

→ scalar (no free legs)

order 0

outer product

a b

aᵢ	bⱼ

→ matrix (2 free legs)

C

order 2

inner product

a b

aᵢ	bᵢ



A B

mat. multiply
Aᵢⱼ	Bⱼₖ

A B

mat. outer product
Aᵢⱼ	Bₖₗ

A B

mat. scalar product (Forbenious)
Aᵢⱼ	Bᵢⱼ

A

mat. trace
Aᵢᵢ

A v

mat-vec product
Aᵢⱼ	vⱼ

A B C

mat. triple chain
Aᵢⱼ	Bⱼₖ	Cₖₗ

Penrose graphical notation



A B

mat. multiply
Aᵢⱼ	Bⱼₖ

A B

mat. outer product
Aᵢⱼ	Bₖₗ

A B

mat. scalar product (Forbenious)
Aᵢⱼ	Bᵢⱼ

A

mat. trace
Aᵢᵢ

A v

mat-vec product
Aᵢⱼ	vⱼ

A B C

mat. triple chain
Aᵢⱼ	Bⱼₖ	Cₖₗ

Penrose graphical notation

Prove (visually): 

Flatten 2 matrices to be vecs and take scalar product = Multiply the matrices and take trace



The differentiation operator

∂/∂X

Differentiate = outer prod 
𝜕𝑓/𝜕𝑋 = 	 𝑓	 ⊗ 	 𝜕/𝜕𝑋

𝒇 𝝏/𝝏𝑿

order(J)	=	order(f)	+	order(X)

df/dx,  scalar

gradient,  order 1

Jacobian matrix,  order 2

order-4 Jacobian

∂f/∂g ∂g/∂x =
∂f/∂g

∂g/∂x

gChain rule = inner prod





Linear
hypothesisFeature Transform

In
pu

t

Feature transform

Feature Transform

𝑥" = 1
𝑥! = 𝑥
𝑥# = 𝑥#
𝑥$ = 𝑥$

⋮
𝑥% = 𝑥%

Non-linear hypothesis!
(Polynomial)



Classical image features
Histogram of Oriented Gradients

 Scale Invariant Feature Transform





Generalization



Overfitting- Data influence



Polynomial fitting



Train
Test

Polynomial fitting



Train
Test

Polynomial fitting



Train
Test

Polynomial fitting



Train
Test

Polynomial fitting



Train
Test

Polynomial fitting
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