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© Notation Summary

I
a‘i : output of a neuron

d

A

| . output vector of a layer

. input of activation function

ZI . Input vector of activation

function for a layer

[ .

Wi

a weight

a weight matrix

a bias

. a bias vector



© Layer Output Relation — from ato z
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© Layer Output Relation — from zto a
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©® Layer Output Relation
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ﬂ Neural Network Formulation

@® Fully connected feedforward network  f :R" — R"

Input Layer 1 Layer 2 Layer L Output
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@ Neural Network Formulation

@® Fully connected feedforward network  f :R" — R"
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© Loss Function for Training

X. “It claims too much.”
function input

y: - (negative) Model: Hypothesis Function Set
function output f, £,
-
TraAlnlng I?ata —> Training: Pick the best function f*
{(Xl' Y1)’ (XZ’ yz)v--} *

“Best” Function f~
A “Good” function:  f(x;0) ~ g » y — f(x;0)|| = 0
U — flog;0)]]

Define an example loss function: C'(§) = Z

k
sum over the error of all training samples



@ Gradient Descent for Neural Network

y = f(x)

W=

vC(6)

oWt ..oW?c(W'z +b') +b2)... + b*)

1 .1 2 .9 L . L Algorithm
0 = {W 00, WEbT, - WD } Initialization: start at 6°
A - - while(8¢+D = gY)
Wy Wyg =+ ] 'l {
wél wég b= |0b; compute gradient at 8*
: update parameters
- - - ei—l-l — 0% . nvgc(el)
oC () }
(‘9ng e ‘
: - Computing the gradient includes millions of parameters.
ag(l@) To compute it efficiently, we use backpropagation. |
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@ Backpropagation
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@ Forward v.s. Back Propagation

@® |n a feedforward neural network

forward propagation
from input x to output y information flows forward through the network
during training, forward propagation can continue onward until it produces a
scalar cost C(0)

back-propagation
allows the information from the cost to then flow backwards through the
network, in order to compute the gradient

can be applied to any function —)
X, L —_— Y,
: % [
Xy — Y\
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Chain Rule

Aw — Ax — Ay — Az

Jz 020y 0x
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forward propagation for cost

back-propagation for gradient



@ Gradient Descent for Neural Network

y=f(z)=c(Wrt...o(W2c(W'z +b') +b%)... + b)

1 71 cxr2 42 L L Algorithm
0 = {W o, Wb, - - WD } Initialization: start at 69
- - - - while(@¢+1) % gY)
l w%l w%z B ] { |
Wh= 1wy wy, b = bi compute gradient at 8°
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51 - the propagated gradient
1 ° corresponding to the /-th layer

Layer L

Layer |+1 (output layer)
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@ 9C(0)/8z =6

® Idea:fromLto1
Initialization: compute &*
Compute &' based on §'+1



@ 9C(0)/9z =6

® Idea:fromLto1
Initialization: compute &*
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® 9C(0)/0z = o

® Idea:fromLto1
Initialization: compute &*
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o Zl
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@ 90(0)/9z =
@ Idea: fromLto 1

Compute 8! based on §'*1 Layer | Layer +1
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® 9C(0)/9z =6
@® Idea: fromLto 1

Compute &' based on &'*1
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® 0C(0)/07 = 6,

@® Rethink the propagation N 141 a1
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@ 0C(0)/02l =48 S F-Sr

@® Idea: fromLto 1 I )T
Initialization: compute §* 0" =0 (z7) ©VC(y)
Compute 6" basedon 8! 51 = /(1) @ (WHHT 5+

Layer Layer 1+1  Layer L-1 Layer L
5|_-1 5L VC(y)




@ Backpropagation —— =
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@ Backpropagation oul;  0e oul,
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Backward Pass
6Y = o'(z") © vC(y)
st =o' o wh st
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€ Gradient Descent for Optimization

y=f(z)=c(Wrt...o(W2c(W'z +b') +b%)... + b)

1 41 2 .9 Algorithm
0 = {W 7b 7W 7b ) 'WLa bL} Initialization: start at 6°
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Layerl —1

Layer |

Backward Pass

5t =d'(zH o ve(y)

5L_1 _ O'I(ZL_l) ® (WL>T5L

51 _ O_/<Zl> 0 (Wl+1)T6l+l

Compute the gradient based on two pre-computed terms

| frqm backward andr forrwardr passes




Thanks!

Any questions ?

You can find the course information at

http://adl.miulab.tw
adl-ta@csie.ntu.edu.tw

slido: #ADL2024

YouTube: Vivian NTU MiulLab
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