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Recall: Linear Classifiers

x X
X

> X

X X

g)=w x,+wx,tw,=0

Perceptron

Logistic |
Regression i

SVM

I can approximate
any non-linear
functions |

Neural Networks
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[Frank Rosenblatt, 1957]

x=tlswo @ =ywx; y=o(a)
\ inO'(WiTx)
X1 1&! a

\

XTD<

Input  Activation
Function Function

Output

* The output y is an activation of a linear weighted sum of the
inputs x = (x,...,x;)' where x;=1 is a special bias unit and
w=(w,,...,wq)" are the connection (synaptic) weights.
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o [B[IFHEAL: y=wx+w,

A

x0=+1 X Xd
o W T kA, XFE NG BRI, WABEEL

o (a) = 1 ifa>0
—1 otherwise

C, ifo(wix)=1
C, otherwise

FX T RegREEREAMN]:  Choose {

Machine Learning: Lecture 8 6



R P I —— SR R R R &Y
- BT EEHE SRR IR | FROEIEERS.

5140 : Sigmoid & £

/ %—%i i%éi,
1 i
-1 0 8 -6 - 2 4 8
y =sign (W' x) y = sigmoid (w' x)

* Sigmoid can be seen as a continuous, differentiable version of
thresholding.

* The output may be interpreted as the posterior probability
that the input z belongs to C.,.

Machine Learning: Lecture 8
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. —HRH0, NTAREINISINIESY , B3| NEEOIES

&0, FRSEEERE.
Leaky ReLU
max(0.1z, x)
tanh Maxout
tanh(x) max(w{ z + by, w3 T + by)
l-i-e_2 10,
ReLU / ELU J
T x>0
{a(e‘"" -1) z<0 - - io

max (0, x)
Machine Learning: Lecture 8 8
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Z BRI (multilayer perceptron, MLP)

 RESMSEREATHARERS AR BEE,
SHE.

O

Vi

a linear function in the new H-dim
Q Output  space.

H

-
Yi=Vv;z= E VihZp + Vio
h=1

a nonlinear transformation from
Hidden the d-dim input space to the H-dim

+1 space spanned by the hidden units.
-
z, = sigmoid(w/ x) X

1+exp [ — (X0 wiyxg + WhO)}

Input  no computation.

x.=+1 X. X

0 j d
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Millions of Parameters
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Recall: Chain Rule

Casel  y=glx) z=#h(y)
Ax — Ay — Az dz _dz dy
dx dy dx
Case 2
x=g(s)  y=his) k(x, )
Ax
/ \ dz 0Oz dx Oz dy
\‘Ay / ds  ox ds (9)/ ds
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Gradient Descend for 2-Layer MLP

Regression

forwalf‘d/'

H

v,
Vi= E VinZptVig

h=1

T

z,=*1 T

d

a, = I/thxj

1
I8, v)=5 ) (ry)?
I

zp=sigmoid(ay,)

l backward
ol 3 ol 0y,
Ovi, Oy Ovy,
:(’”i—lyi)zh
ol _ ol 0y;
8Whj i 6:)/1 aWh]

B ol 0y; 0z, day
B i 8yl azhﬁahawhj

= lE(rl’ — yi)vih] zp(1 — zp) x;
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Gradient Descend for L>2 Layers?

& ol oa, oy, O
ow oa oy aWL B 5WL 5aL 5)/1

» Loss [ ol ,
owl_;, =

Problems of deriving V,,L directly:

¢ \ery tedious: lots of matrix calculus, need lots of paper ...

e \What if we want to change loss? E.g. use SVM instead of softmax? Need to re-derive
from scratch.

e Not feasible for very complex models! O

O

(o}

Straightforward derivation of gradients in MLP is
tedious, inflexible and often infeasible, due to
the dependences between gradients

Machine Learning: Lecture 8 16
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To correct the network, you must first fix...

O o
O ) z
O —

© Machine Learning @ Berkeley
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Backpropagation

° " d 1
Consider a simple, general MLP Z:_Z ()

w; a; Z] W5 g Z3 W9 Cl5 Zy
XJ > > > >
W, w I
W2~ WNG 24/ Wi a6 6
A2 : ‘
4

Ol "How does a4 small chanoe in each weioht (6o w.) |

i 'How does a small change in each weight (e.g., w;)
ow : atfect the final loss?

Machine Learning: Lecture 8
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Backpropagation

Initially, consider the first neuron

Machine Learning: Lecture 8



Backpropagation

Compute Ol/ow for each weight w.

i

% =W TWaX;

Xy

(chain rule)
ol , Oa Ol
ow 8w da

easy( Oa/owy = X
oa/ow, = x,
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Backpropagation

e Compute 0//0w for each weight w.

: wz/

: \

1 \
/:W]x] +W2x2 \\\

: v

1 \

X2
o _ [a
5 |oa

\

\

-—— ——
—‘_— —__~
- -~
- -~

~ o~ -
. -
— -
e e —
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Backpropagation — Backward Pass

e Compute 0//0a for the linearity output a.

ol 0z at / |
oa BN Example || ola) |
_C>=a'<a> B! j(\)\ ‘
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Backpropagation — Backward Pass

e Compute 0//0z for nonlinearity outputs z.

7/
Wi D . >
,l
”~ 4 ) 8
,, E a_ZW3 e o o

(chain rule)

ol ol oa' o0l 0da" Ol

— =0 o — — * T ’ ° 0 4
Py o (a) Oz 0z Oa' 0z 561"@%?

B R CT
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Backpropagation — Backward pass

RECURSION

constant because « has

already been determined i Backward pass:

in the forward pass.

 compute 0//0a for all linearity
'outputs a recursively.
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Backpropagation — Backward Pass

e Compute 0//0a backward from the output layer.

Machine Learning: Lecture 8



Backpropagation — Forward Pass

. Oa
For every w, there 1s a EVREE

e25\ \aap 01/OW7 = X1
oa/ow, = x,

Machine Learning: Lecture 8



Backpropagation — Forward Pass

For every w, we need to compute Oa /0w within each linearity unit.

'a] Z]’ >
><
!

ay|z;

aa] . 8611 8611'/ ’

a 1 Zl — Zl ......
Wl 8W3 8W5

oa, _ X, da; _ Z, oa,r_ .2 I
Owy = 0wy L] 0w, I

Oa/Ow = the input connected to each w

¥
Q,:) i Idea since the linear unit for each neuron is easy and fixed, we i

5 | can pre-compute their gradients da/ow straightforward.
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Backpropagation — Forward Pass

Forward pass:

Before backward pass, run MLP forward, obtain da/ow (=z) for all w

Example:

_ 12
ow ow
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Backpropagation — Summary

Forward Pass Backward Pass

ol ol
X = E

for all w

Machine Learning: Lecture 8
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1. Forward propagation:

- Apply the input vector to the network and evaluate the activations
of all hidden and output units.

aj :Zl‘le‘Zl' Zj — O'(Cl]) ]:],d
2. Backward propagation:

- Evaluate the derivatives of the loss function with respect to the

welghts (errors). sL— ﬂ
- Errors are propagated backwards through the network. J Ga]l-‘

3. Parameter update: "'~ o’ (" )(WH)'d"
- The evaluated derivatives (errors) are then used to compute the

adjustments to be made to the parameters.

W’ij:Wij +16;z;

Machine Learning: Lecture 8 30



BP Example




BP Example

Forward Pass
01(-)

A=Wz X1+Wi2)2-X2

Machine Learning: Lecture 8
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Forward Pass
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Forward Pass
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Forward Pass

35



Backward Pass — Error propagation

0 = (r-y) - g5 (ae)

36



Backward Pass — error propagation
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Backward Pass — error propagation

o1 05 =wss0 05'(as)

38



Backward Pass — error propagation

39



Backward Pass — error propagation

Machine Learning: Lecture 8
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Backward Pass — error propagation
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Optimization step — parameter update
W ant = Wi 101X

W a1 = Wean T 101X,

42



Optimization step — parameter update

Wi = Wi 1 1102X)

W a2 = Wixapp T 1102%;
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Optimization step — parameter update

W13 = Wixnys T 103X,

W23 = Wixays T 1103%,

44



Optimization step — parameter update

45



Optimization step — parameter update

9 I
W15 = W5 T 1052

46



Optimization step — parameter update

47



Time for Coding @

e BP:
https://www.kaggle.com/code/kaushal3663/backpropagation

e MLP using PyTorch
https://www.kaggle.com/code/pinocookie/pytorch-simple-mlp/notebook

D M

Programing

Machine Learning: Lecture 8 48
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The Deeper, The Better

)
\\4//A\\l//

.\\\' lh

D w\ So, shallow networks can

represent any functions.

However, using deep structures
is more effective.

(//A \\\ lll A\\‘

[ @
STANY =Ny 2N, A\\
e A\‘j;':;;gA\‘ « 7{

s‘.

.1' /0'4. Q\
K § XS %
‘\!/ '4,«0» ‘ A\\ // “‘"

LN

\\\Y"" ““V//'

‘
2%
""’ /ln\‘\\'// XA
A“\ A
v

Reference for the reason: http://neuralnetworksanddeeplearning.com/chap4.html
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REF> ( Deep Learning )
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~ Artificial Intelligence

Computer systems that perform tasks that would usually require
human intelligence

— Machine Learning
Statistical techniques that learn from a series of

inputs and outputs

Deep Learning

H Machine learning algorithms

i that enable self learning of
e

data representations

Machine Learning: Lecture 8
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REF = FIHEFRIE

o 2 A F IFENIRFIHA

» fixed/engineered features + trainable classifier

hand-crafted Y/neels
— Plate,
Feature Extractor Lights .

¢ RS

» trainable features + trainable classifier

Trainable w
—_—
Feature Extractor .

Machine Learning: Lecture 8



REF = FIHRNERRICEIL

e A hierarchy of trainable feature transforms

Trainable Trainable
Feature F------ » Feature
Transform \ ‘

Transform

Learned Internal Representations

e Each module transforms its input representations into a higher-level one.
e High-level features are more global and more invariant

e Low-level features are shared among categories

Machine Learning: Lecture 8 55



REF = FIHRNERICFIL

. hidden layer 1 hidden layer 2 hidden layer 3
input layer

output layer

e
N!
o
%
A

\ A

Machine Learning: Lecture 8



*EFY = inEliw=ZF3(End-to-end Learning)

o RAVZ S I NimZ 4 HimAYRR S 1524F,

HlazF >

Rl hocadl % N RSl g
51 ,,

AR ES
:oll Bacll b5 on Rt

Ilcatll
[monkey, cat, tree,...]
Raw data Pre-processing Feature Extraction  Classification Results
\ )
Y
SR EE Y, S
/ﬂdg?— 2
——— — @ —
4 .- - » _:':‘::E’/j: output layer
2 - = « ”
0, — S ' cat
‘ 3 1‘;. \ —> = 7 NS = S
Raw data =" — — Results
— e T— u
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o« TIERHERLS
o« SRR IYLS
o TREAMERLZINLS
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hidden layer 1 hidden layer 2 hidden layer 3
= kY
e B NEE 6
= e Square error
output layer CI’OSS entropy
Hinge loss
Ranking loss

input layer

X
e o o

A

2 ' WIZk:

S Backpropagation

Activation functions

activation
functon

X @ net intput 08
< net.
2 J ¢ 0: 06
J

activation 04

transfer 02
function

0
0. -8 -6 -4 -2 0 2 4 6
J

threshold SlngId Re LU
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BUMREERILEAYER =

hidden layer 1 hidden layer 2 hidden layer 3

input layer

- L)
— _— — ——
e =5 o

S > output layer
A L
—
N
2 %
e
<
2 !
K
":f:\::'i\\ < > S

BIRIDNNEEABRIREREER
o ¥1)l[Zk (too many parameters, gradient vanishing, etc.)
o Fy NBIURK

MEEHETHEE |, /E/9MBIETT (e.g., nonlinear transformation)
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EIAME ML (CNN)
TEERHE ML (RNN)

Transformer
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