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The following is the objective function we want to minimize:
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A local minimum can be obtained by using any gradient-based optimization algorithm. Therefore,
we have to compute the gradient of the objective function with respect to all network parameters.
We consider a neural network characterized by 3 layers, namely one output and two hidden layers.

Third Layer
We use indices µ, ν to identify any neuron in the second and the third layer, respectively. Conse-
quently,
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Second Layer
We use indices µ, ν to identify any neuron in the first and the second layer, respectively (whereas
j identifies any neuron in the third layer). Consequently,
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First Layer
We use indices µ, ν, ρ to identify any neuron in the input, in the first and in the second layer,
respectively (whereas j identifies any neuron in the output layer). Consequently,

∂J(θ)

∂θ
(1)
µν

=

K∑
j=1

{
− πj

|Dj
p|

∑
xi∈Djp

∂fj(xi)

∂θ
(1)
µν

+
1

|Dj
n|

∑
xi∈Djn

∂max
{
fj(xi),max

{
0, 12+

fj(xi)
2

}}
∂θ

(1)
µν

}
+ 2λθ(1)µν

=

K∑
j=1

{
− πj

|Dj
p|

∑
xi∈Djp

∂fj(xi)

∂θ
(1)
µν

+
1

|Dj
n|

∑
xi∈Djn

αji
∂fj(xi)

∂θ
(1)
µν

}
+ 2λθ(1)µν

=

K∑
j=1

{
− πj

|Dj
p|

∑
xi∈Djp

n2∑
ρ=1

θ
(3)
ρj

∂ŷ
(2)
ρi

∂z
(2)
ρi

θ(2)νρ
∂ŷ
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Extension to the General Case
Based on the previous computation, we can obtain the following general formulas:
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