
  

Practical Optimization



  

A Slight Change

L(θ)=∑i
ℓ(θ ;xi , yi)

L(θ)=
1

|D|
∑i

ℓ(θ ;xi , y i)

D={(x1, y1) ,(x2, y2) ,… ,(xN , yN )}

=Ex , y∼D [ℓ(θ ;x , y )]



  

Gradient Descent

Initialize random

Compute∇θ L(θ)

θ

θ ←θ−ϵ∇θ L(θ)

N iterations:

How do we find argminθ L(θ)

Slow!

For x , y∈D
θ0←θ

θ ←θ− ϵ
|D|

∇θ0
ℓ(θ0 ; f (x) , y )



  

Stochastic Gradient Descent

Initialize random θ

N iterations:

For x , y∈D
θ0←θ

θ ←θ− ϵ
|D|

∇θ0
ℓ(θ0 ; f (x) , y )

Initialize random θ

N iterations:

For x , y∈D
θ ←θ− ϵ

|D|
∇θℓ(θ ; f (x) , y)

Gradient Descent: Stochastic Gradient Descent:

Epoch

Iteration

Noisy but much faster than standard GD



  

SGD – Variance

∇θℓ(θ ;x i , y i)≠∇θL(θ)

Var [∇θℓ(θ ;x , y) ]=Ex , y∼D [‖∇θℓ(θ ;x , y)−∇θ L(θ)‖
2 ]

=Ex , y∼D [‖∇θℓ(θ ;x , y)‖
2 ]−‖∇θ L(θ)‖

2

Ex , y∼D [ ∇θℓ(θ ; x , y) ]=∇θ L(θ)



  

Mini-batches

Initialize random θ

N iterations:

For x , y∈D
θ ←θ− ϵ

|D|
∇θℓ(θ ; f (x) , y)

Stochastic Gradient Descent:

Initialize random θ

N iterations:

θ ←θ−ϵEx , y∼Di [ ∇θℓ(θ ; f (x) , y)]

Minibatch Gradient Descent:

Partition      intoD D1 ,…, Dk
For 1≤i≤k

|D1|=|D2|=…=|Dk|Batch size =



  

Gradient Descent Algorithms

Mini-batch Gradient Descent

Stochastic Gradient Descent (Standard) Gradient Descent

Batch size = 1 Batch size = Dataset size



  

Mini-batch Variance

Var [∇θℓ(θ ;x , y) ]=Ex , y∼D [‖∇θℓ(θ ;x , y)‖
2 ]−‖∇θL(θ)‖

2

Var [∇θℓ(θ ;x , y) ]=ED i
[Ex , y∼D i

[‖∇θℓ(θ ;x , y)‖]
2
]−‖∇θL (θ)‖

2

Stochastic Gradient Descent

Minibatch Gradient Descent

Smaller



  

Momentum

Initialize random θ

N iterations:

For x , y∈D

θ ←θ−ϵv

v ←∇θℓ(θ ; f (x) , y)

v ←ρ v+∇θℓ(θ; f (x ) , y)

ρ = 0.9
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