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ClassificatiomProblemm

Problem of finding label Y given data X
A exl) x: face image, y:per sonSs name

Aex2)x:bl ood sugar measurement,
y: diagnosis of diabetes

A ex3) x: voice, V: sentence corresponding to the voice

X. D-dimensional vector, y. integer (Discrete)
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Famous pattern recognition algorithms

A Support Vector Machine

A Decision Tree

A K-Nearest Neighbor

A Multi -Layer Perceptron (Artificial Neural Network; 4t~ . b))
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Perceptram(1/2)’)

Artificial Neural Networks

The Perceptron

Fundamental unit of a Neural Network

n

N

Inputs

weights

Activation
function

Lif Y wx, >0
output = i=0
-1 otherwise
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Perceptnam(2/2))

wl*x1 + w2*x2 +b =0




Parameten Liearningdn RPereeptranon

start :
The weight vector w is generated randomly
test:

Avector x K
If xk Pand w[>X% goto
If xk Pand QOflgoto

P w N 1 s
test,
add,

fx Kk Nwdndk < @stgo t o
fx Kk Nwdnd x Gubtgact. t o
add :

Setw = w+x, goto test

subtract :

Setw =w -X, goto test

W  Unit vector normal
IW| to hyperplane

s e |

ected randoml vy,
Equation of hyperplane:
XeW-0=0

XeW-_-0>0
on this side

Origin XeW_-0<0

on this side
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Learning Algorithm rof SigmoiddJnitnit

. Loss Function Target Nt

Output

\ /

e=(d- f)’

. Gradient Descent Update

K _ - Y™ x=-2d- f)f@- )X
W ps

f(s)=1/(1+€°)
F'(s)=1(s)1- T(9)
W« WH+ce(d- f)f(L- f)X




Need forMultiple) Units and: MultipletLayersiyers

Meshed reglans

\

Multiple boundaries are n
eeded (e.g. XOR problem)
A Multiple Units

More complex regions are
needed (e.g. Polygons) A
Multiple Layers




Structure=of, Multilayer, Perceptronron
(MILP; AntificiabNeural Netiwork) k)

First layer J-th layer (k—1)-th layer k-th layer
(0) (1) | () (k1)
X

m, sigmoids mn, sigmoids My 1) sigmoids



Learning) Parameters obMLP.P

. Target
. Loss Function X Output
A We have the same Loss Function /2
A But the # of parameters are now much more e=(d- 1)

(Weight for each layer and each unit)

A To use Gradient Descent, we need to calculat
e the gradient for all the parameters

Recursive Computation of Gradients

A Computation of loss -gradient of the t «,
op-layer weights is the same as befor
e

A Using the chain rule , we can compute x, 4
the loss-gradient of lower -layer weight
s recursively (Back Propagation)

(53 = w34a4 + 11-'3505




Back PropagationrLéarning)Algorithmi(in (1/3))

, Gradlents of top -layer weights and update rule
‘me - |n wyer o ”
e=(d- f)°

e __o- f) X =-2(d- f)f(- f)X

wiaterie W« We(d- F)F(L- f)X

. Store intermediate value delta for later use of chain rul

e
=€ =(g- £))
ﬂs(l)

=(d- f)f(1- f)

(J)
95



Back PropagationrLearningAlgorithmi(243)2/3)

Gradients of |ower -layer weights

Weighted sum

ﬁ S(J') = x (-9 @Vi(j)

e _ pe is0 _ pe 5
p_\Ni(J) HS(J) UWi(J) lJS(J)

First layer j-th layer (k 1y-th layer k-th layer
X X ‘ < | X4

=_2(d- f) pﬁ“ XD = - gDy (-

Local gradient ue u(d- f)?

_ M
sV T ps? =-2(d- 1)

(1)
HS

Gradient Descent Update rule
for lower -layer weights

W « W 4 gl (-3



Back PropagationrlearningiAlgotithmhm (3/3)

Applying chain rule, recursiverelation adsvddm cc

V) = f_(j)(l_ f'(j))é. d(j+1)V\l(|j+1) . «
=1

Oy = WiuOy + Wqs0s

Algorithm: Back Propagation

Randomly Initialize weight parameters

Calculate the activations of all units (with input data)
Calculate top -layer delta

Back-propagate delta from top to the bottom

B kbt k sd "~ bst k fqg c¢chdms
Update weights using Gradient Descent rule

Repeat 2~6 until converge

NOoOOkwWwhE

n

e kk t mhsr



Applicationss

Almost All Classification Problems

A Face Recognition

A Obiject Recognition

A Voice Recognition

A Spam mail Detection

A Disease Detection

A etc.
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Limitations and Breakthroughgh

Limitations

A Back Propagation barely changes lower-layer parameters (Van
Ishing Gradient)
A Therefore, Deep Networks cannot be fully (effectively) trained

with Back Propagation iﬂ

I

Back propagation

Breakthrough
A Deep Belief Networks (Unsupervised Pre -training)

A Convolutional Neural Networks (Reducing Redundant Parame
ters)

A Rectified Linear Unit (Constant Gradient Propagation)
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