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 if y ∈ R and we assume variance is constant everywhere,
 if y is a probability of a binary outcome,
 if y is a gold class index out of K classes (or a full distribution).

x ∈ RD D

O

K

σ

softmax σ softmax

∂

stop vistp

https://ufal.mff.cuni.cz/~straka/courses/npfl129/2223/slides/?05
https://en.wikipedia.org/wiki/Generalized_linear_model#Link_function


h  =i f  x  W  + b  

(1) (
j

∑ j j,i
(1)

i
(1))

W ∈(1) RD×H

b ∈(1) RH
f (1)

x W +T (1) b

∂

pwRell



o  =i f  h  W  + b  

(2) (
j

∑ j j,i
(2)

i
(2))

W ∈(2) RH×O

b ∈(2) RO
f (2)

∂



W ,W , b(1) (2) (1) b(2)

θ

D × H + H × O + H + O

m

E(θ) = E  L(f(x; θ), y)(x,y)∼   p̂data

θ  ←i θ  −i α  ,   or in vector notation,  θ ←
∂θ  i

∂E(θ)
θ − α∇  E(θ).θ

∂

ALEX



H  =b,i f  X  W  + b  

(1) (∑j b,j j,i
(1)

i
(1))

  

H

O

= f XW + b ,(1) ( (1) (1))
= f HW + b = f f XW + b W + b .(2) ( (2) (2)) (2) ( (1) ( (1) (1)) (2) (2))

 ,  , …
∂X

∂f XW + b(1) ( (1) (1))
∂W (1)

∂f XW + b(1) ( (1) (1))

∂



X

@

W1

+

b1

f1

@

W2

+

b2

f2

L

y

∂

maticouitfsobeni

shodnotynnshytivustrytakblespoc.it

Terrace



∂



⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮

tanh,σ tanh

σ σ softmax

L2 L1 L2

∂

Gitjenumvice slingtyehurstermoeneprmitin



∂



∂

tableje obyeavg

specificlevihyprohonhrethisamples a batche



∂



∂



∂

uyplatisetedyvybmtuhodnoufmetribnuahledemktng.tn

v

napi polind ypred 0,7
Bindiya S It Accuracydo a



L = (f(x; θ) − y) ,
2

 =
∂f(x; θ)

∂L
2(f(x; θ) − y).

∂

y y
a ladybudeuvité
minimum



o1

o2

o3

o4

z1

z2

z3

z4

Softmax

o  =i  .
 e∑j
z  j

ez  i

∂

normaliance aby f 0,1



gold

L(softmax(z), gold) = − log o .gold

z

 =  − log  =
∂z  i

∂L
∂z  i

∂ [
 e∑j
z  j

ez  gold ] −  +
∂z  i

∂z  gold
 

∂z  i

∂ log(  e )∑j
z  j

= −[gold = i] +  e
 e∑j
z  j

1 z  i

= −[gold = i] + o  .i

 =∂z
∂L o− 1  gold 1  gold

gold

∂

1
to iesoftman

output coismemelipredilount 2 tedy poundpenprediham sprint
dostannloss 0



∂



g

L(softmax(z), g) = −  g  log o  .∑
i

i i

 =
∂z
∂L

o− g.

o = σ(z)  =∂z
∂L o − g g

σ softmax

softmax ([0  x])  =1  =
e + ex 0

ex
 =

1 + e−x

1
σ(x).

∂



∂



L2 L1

∂

easy Ff Abybyehmet spooously frdat hemuselbyeh regularizount
toalestandardisenew'm

starttechnihn sosojestipoutine



∂



L2

L2

(θ;X) =E
~

E(θ;X) +  ∥θ∥  

2
λ

2
2

λ

L2

∂



L2

 =∂x
∂x WT W

L2

∂

Je

tiihizjistitspwirnonhodnotnpammetmX.ZG.si

useneuronewaitfor



∂



L2

θ  =MLE arg max  p(X; θ).θ
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←ŝ s/(1 − β  )1
t ←r̂ r/(1 − β  )2

t

θ ← θ −  −
 +εr̂

α  t ŝ α λθt
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dropout(x∣z) = x⊙ z.
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