
  

Loss and Optimization



  

Loss Functions

● How “bad” is our model?

L(θ)=∑i
ℓ(θ ; xi , y i)

Example: least-squares regression L(θ)=∑i ( yi−f (θ ; xi))
2

Classification: Negative log-likelihood L(θ)=∑i
−log ( p( yi ∣θ , xi))



  

Optimization – Gradient Descent

Initialize random

Compute∇θ L(θ)

θ

θ ←θ−ϵ∇θ L(θ)

N iterations:

How do we find argminθ L(θ)



  

Gradients

● How do we compute           ? ∇θ L(θ)

∇θ L(θ) = ∇θ (∑i
ℓ(θ∣ xi , y i)) =∑i

∇θ ℓ(θ∣ xi , yi)

Squared error: ℓ(θ∣ xi , y i)=((W xi+b)− yi )
2

∇ b ((Wxi+b)− yi )
2
= 2 ((Wxi+b)− yi )

Negative log-likelihood: ℓ(θ∣ xi , y i)=−log (softmax (W xi+b))y i

∇W ((W xi+b)− yi )
2
= 2 ((W xi+b)− yi )xi

∇W j (−log (softmax(Wxi+b)) y i)=(softmax (W xi+b)j−[ yi= j])xi

∇ b j (−log (softmax (Wx i+b)) y i)=softmax (W xi+b) j−[ yi= j ]



  

Gradients – Computation Graphs

W x b

Matrix
Multiply

Add

Subtract

y

Square

(y−(Wx+b ) )
2

sq(sub(y, add(matmul(W, x), b)))

sq(sub(y, add(matmul(W, x), b)))
∂

∂W

= sq’(sub(y, add(matmul(W, x), b))) *
∂

∂W
    sub(y, add(matmul(W, x), b))

=...
= sq’(sub(y, add(matmul(W, x), b))) *
    sub’(y, add(matmul(W, x), b)) *
    add’(matmul(W, x), b) *
    matmul’(W, x)



  

Gradients – Computation Graphs

W x b

Matrix
Multiply

Add

Subtract

y

SquareSquare’

Subtract’

Add’

Matrix
Multiply’

1

Forward

Gradient

Backward



  

Gradients – Computation Graphs

x

SquareSquare’

Forward

Gradient

Backward

x = 2

sq(x) = 4sq’(x) = 2 x = 4

1
SquareSquare’sq’(sq(x)) = 2 sq(x) = 8 sq(sq(x)) = 16
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Learning Rate

θ ←θ−ϵ∇θ L(θ)

Training TimeTraining Time Training Time
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IdealToo small Too large
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