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Fully connected neural networks

» Ideas from Piotr Skalski (practice), Pataki Balint Armin
(lecture) and HMKCode (lecture)
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Fully connected neural networks

» Model:

» Inputs (x;) or for hidden layer /: AJ’-_1

Weight w,-j-

Weighted sum of input and bias: z/ = >°; A7 w}; + b]

>
> Bias b/
|
| 4

Activation function (nonlinear) g: Al = g(z!)

Ay Wi

F(N:)
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Yang et el, 2000.



Feed forward

» Example
input layer hidden layer output layer 1 1 1 1 1
gy g HRE Z<|) = ([),ole + W(l),llxl + W(l),2|x2 + b([) :
(1] _ (1]
ap = g(zo )
1 _ (1] [1] [1] pll
Zy = WygXot+twy X1 +w X+ D
(1] _ (1]
a; = g(z1 )
7121 = wl2lghl 4 pl2l 28 = wlilay + wi¥a, + bl
a[zl = g(z[Z]) (([‘)—" =g (Z(‘,:‘)

21 = ity 4 pl1l
altl = g(z111)

» We have an output, how to change weights and biases to
achieve the desired output?

» Error L



Backpropagation

oL

> W is a large three dimansional matrix
» Chain rule!
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Backpropagation

» Chain rule
a; = g(ZJ') = g(wljaj + b7)
oL OL da; Oz oL ,

dwj N da; 0z; Ow; . 8a,~g (zi)a;

oL oL 8al 82]
8_ai N Za_ala_zla_al Z Z/ Wi

lel leL




Backpropagation: Example

» From HMKCode

» Note that there is no activation function (it would just add
one more step in the chain rule)

nput Layer Hidden Layer Output Layer




Backpropagation: Example

> Weights




Backpropagation: Example

» Feedforward

lwput Layer
F 4]

Hiddewn layer

Output Layer

Forward Pagg / Matvix vaudltiplisation
011 0121 0.14] _ /
EE N 1) 0.03]‘[0-85 0-48]'[0.15 = [0.191]

Ox11+0X.21=.85 85X.14 +.48X.15=.191

2%12+3X.08=.48



Backpropagation: Example

» Error from the desired target

11 W g5 o
21 [l 14
- o

1
§ Error = E(prediction —actual)®

Error = %(0.191 -1.012=0327



Backpropagation: Example

» Prediction function
prediction = cut
prediction = (h,) w, +(h,) w, " 1: "
prediction = (. w,+ 1 w,) w; + (1, wo+ 1, w,) w,

to change prediction value,
we need to change weights



Backpropagation: Example

» Gradient descent




Backpropagation: Example

» Chain rule
___ 9Error _ , dprediction L “
IW, Oprediction oW,

1 PR
8Error :i(predwtomfﬂcmlu)z* al wori ww +( wo+lw)w,

aw, dprediciton aw,
ﬂgr—mrzrzz*%(predictoin—actula) W*( Wy w,) - :
a;";;:r = (prediCtOin - a‘:t“la)‘ (h:) A = prediction - actual
Error _ an,

aw, :



Backpropagation: Example

» Chain rule

OError __ dError _, dprediction

ow,  oprediction w,

. prediction = (1w, + . w;) ws + (1 ws+ 1 w,) w,
ictoin— 2
9Error _3(predictoin—actula)® g (| w,+ | w,) w.+ (. w.+I. w,) w,

ow, prediciton aw,
OErTor _ 1 s d(predictoin—actula),,
Okmor _ 51 - dlpredictoin—actula) + hy= i w15
aw, 2% (predictoin — actula) prediciton (i, ws+i, w,) 2= Wyt
9Error s
W = (predictoin — actula)* (h,) A = prediction — actual delta
0

‘W,= W,- - Ah,



Backpropagation: Example

| 2 Cha|n rule
*W6= W6_ Ahz

*W5= W5_ Ahl




Backpropagation: Example

» Chain rule
dError _ dError dprediction g dh, —
W, dprediction oh, aw,

1 . .
9Error _ 83(predictoin—actula)® g (h,) w, +(h,) w, LA W i w,
ow, dprediciton oh, ow,

dError

3(predictoin—actula),, *
o Apredictoin-actula)y(,, |+ ;)

1 L
— Pk —

=2 2(predlctom actula) Sorediciion
dError
w,

= (prediCtOin - aCtula)t (W5 ) A = prediction — actual deltn

OError

Aw,
aw, N




Backpropagation: Example

» Summarized

‘ws=wg—a (h,
‘ws=w;—a(h,.

Updated welghte qu = W4 —a (
Twy=w,—a(
‘w,=w,—a (

‘wy;=w;—a(

. 4)

a)

. Aw,)
. Aw,)
. Aw,)
. Awy)



Backpropagation: Example

» Summarized in matrix form

g I 7 L P o i

2

wy wa]:[w1 “"3], [ ] _[ws \1';] 7[a Aw. a Awﬁ]
w, wul lw, w, ad s wil w, W, alAw, alAw,



How many layers?

» Neural network with at least one hidden layer is a universal
approximator (can represent any function).

3 hidden neurons

6 hidden neurons

20 hidden neurons

Do Deep Nets Really Need to be Deep? Jimmy Ba, Rich Caruana,
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