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Training neural networks - loss function
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Topics: stochastic gradient descent (SGD)
• Algorithm that performs updates after each example
‣ initialize           (                                                                    )

‣ for N iterations
- for each training example

✓  

✓  

• To apply this algorithm to neural network training, we need
‣ the loss function

‣ a procedure to compute the parameter gradients

‣ the regularizer             (and the gradient                 )

‣ initialization method
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Machine learning

• Supervised learning example: (x, y) x y

• Training set: Dtrain
= {(x(t), y(t))}

• f(x;✓)

• Dvalid Dtest

•
argmin

✓

1

T

X

t

l(f(x(t)
;✓), y(t)) + �⌦(✓)

• l(f(x(t)
;✓), y(t))

• ⌦(✓)

• � = � 1
T

P
tr✓l(f(x

(t)
;✓), y(t))� �r✓⌦(✓)

• ✓  ✓ +�

• {x 2 Rd | r
x

f(x) = 0}

• v

>r2
x

f(x)v > 0 8v

• v

>r2
x

f(x)v < 0 8v

• � = �r✓l(f(x
(t)
;✓), y(t))� �r✓⌦(✓)

5

• bµ =

1
T

P
t x

(t)

• b�2
=

1
T�1

P
t(x

(t) � bµ)2

• b
⌃ =

1
T�1

P
t(x

(t) � bµ)(x(t) � bµ)>

• E[

bµ] = µ E[b�2
] = �2

E

h
b
⌃

i
= ⌃

• bµ�µp
b�2/T

• µ 2 bµ±�1.96
p

b�2/T

•
b✓ = argmax

✓
p(x(1), . . . ,x(T )

)

•
p(x(1), . . . ,x(T )

) =

Y

t

p(x(t)
)

• T�1
T

b
⌃ =

1
T

P
t(x

(t) � bµ)(x(t) � bµ)>

Machine learning

• Supervised learning example: (x, y) x y

• Training set: Dtrain
= {(x(t), y(t))}

• f(x;✓)

• Dvalid Dtest

•
argmin

✓

1

T

X

t

l(f(x(t)
;✓), y(t)) + �⌦(✓)

• l(f(x(t)
;✓), y(t))

• ⌦(✓)

• � = � 1
T

P
tr✓l(f(x

(t)
;✓), y(t))� �r✓⌦(✓)

• ✓  ✓ +�

• {x 2 Rd | r
x

f(x) = 0}

• v

>r2
x

f(x)v > 0 8v

• v

>r2
x

f(x)v < 0 8v

• � = �r✓l(f(x
(t)
;✓), y(t))� �r✓⌦(✓)

• (x

(t), y(t))

5

• bµ =

1
T

P
t x

(t)

• b�2
=

1
T�1

P
t(x

(t) � bµ)2

• b
⌃ =

1
T�1

P
t(x

(t) � bµ)(x(t) � bµ)>

• E[

bµ] = µ E[b�2
] = �2

E

h
b
⌃

i
= ⌃

• bµ�µp
b�2/T

• µ 2 bµ±�1.96
p

b�2/T

•
b✓ = argmax

✓
p(x(1), . . . ,x(T )

)

•
p(x(1), . . . ,x(T )

) =

Y

t

p(x(t)
)

• T�1
T

b
⌃ =

1
T

P
t(x

(t) � bµ)(x(t) � bµ)>

Machine learning

• Supervised learning example: (x, y) x y

• Training set: Dtrain
= {(x(t), y(t))}

• f(x;✓)

• Dvalid Dtest

•
argmin

✓

1

T

X

t

l(f(x(t)
;✓), y(t)) + �⌦(✓)

• l(f(x(t)
;✓), y(t))

• ⌦(✓)

• � = � 1
T

P
tr✓l(f(x

(t)
;✓), y(t))� �r✓⌦(✓)

• ✓  ✓ +�

5

•
argmin

✓

1

T

X

t

l(f(x(t)
;✓), y(t)) + �⌦(✓)

• l(f(x(t)
;✓), y(t))

• ⌦(✓)

• � = � 1
T

P
tr✓l(f(x

(t)
;✓), y(t))� �r✓⌦(✓)

• ✓  ✓ + ↵ �

• {x 2 Rd | r
x

f(x) = 0}

• v

>r2
x

f(x)v > 0 8v

• v

>r2
x

f(x)v < 0 8v

• � = �r✓l(f(x
(t)
;✓), y(t))� �r✓⌦(✓)

• (x

(t), y(t))

• f⇤ f

6

• X

�1
X = I

• (X>)i,j = Xj,i

• det (X) =
Q

i Xi,i

• det (X>) = det (X)

• det (X�1) = det (X)�1

• det (X(1)
X

(2)) = det (X(1)) det (X(2))

• X

> = X

�1

• v

>
Xv > 0

• �

• {x(t)}

• 9w, t

⇤
x

(t⇤) =
P

t 6=t⇤ wtx
(t)

• R(X) = {x 2 Rh | 9w x =
P

j wjX·,j}

• {x 2 Rh | x /2 R(X)}

• {�i,ui | Xui = �iui et u

>
i uj = 1i=j}

• X =
P

i �iuiu
>
i

• det (X) =
Q

i �i

• �i > 0

•
@

@x

f(x, y) = lim
�!0

f(x+�, y)� f(x, y)

�

•
@

@y

f(x, y) = lim
�!0

f(x, y +�)� f(x, y)

�

Machine learning

• Supervised learning example: (x, y)

• Training set: Dtrain = {(xt, yt}

•

2

training epoch 
=

iteration over all examples
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3

Topics: loss function for classification
•Neural network estimates
‣ we could maximize the probabilities of         given         in the training set

• To frame as minimization, we minimize the 
negative log-likelihood

‣ we take the log to simplify for numerical stability and math simplicity

‣ sometimes referred to as cross-entropy 

natural log (ln)
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