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NPTEL ONLINE CERTIFICATION COURSES

Course Name: Deep Learning
Faculty Name: Prof. P. K. Biswas
Department : E & ECE, lIT Kharagpur

Topic

Lecture 11: Support Vector Machine




Concepts Covered:
 Linear Discriminator
J Perceptron’Algorithm

CONCEPTS COVERED
. Support Vector Machine (SVM)




Linear Classifier — 2 Class Problem

X




Linear Classifier — 2 Class Problem

X , a'X+b=0

ForXew : a'X+b>0

ForX ew,: a'X+b<0




Linear C|aSS|!|er — 2 C|ass ProE|em

a4 X
t t 2 A
a.X‘l'b:O:aX:O q = X: :

a, X4

_b_ _1_

Classification Rule
ForY.ew, : a'X >0

ForY ew,: a'X <0




Linear Classifier — 2 Class Problem




Linear Classifier — 2 Class Problem

Negating all X from @, . X «--X

Classification Rule: a'X >0

If a'X <0; for any X irrespective of class

= "a" misclassifies that particular X




Linear Classifier — 2 Class Problem




Linear Classifier — 2 Class Problem

), C




Linear Classifier — 2 Class Problem

), C




Linear Classifier — 2 Class Problem

), C

L&




Linear Classifier — Learning

Any "a" misclassifies X = a'X <0

Thisleadstoanerror: J,(a)= Z—atx

Y'Y :misclassified

Follow Gradient Descent Algorithm

a<—a-n V;Jp(a)




Linear Classifier — Learning
Perceptron Criteria

J.@= Y -aX = VJ,(a=- >X

VX :misclassified VX : misclassified

Weight Updation Rule

a(0) « Random
a(k+l) «ak)+n > X

VX : Misclassified




Linear Classifier — 2 Class Problem
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Linear Classifier — 2 Class Problem




Linear Classifier — 2 Class Problem

), C




Linear Classifier — 2 Class Problem

), C




I A
Support Vector Machine

X a'X+b=0

ForXew : a'X+b>0

ForX ew,: a'X+b<0




I A
Support Vector Machine

X .




Support Vector Machine

X




Support Vector Machine

X




I A
Support Vector Machine

X




I A
Support Vector Machine

X




I A
Support Vector Machine




I A
Support Vector Machine
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NPTEL ONLINE CERTIFICATION COURSES

Course Name: Deep Learning
Faculty Name: Prof. P. K. Biswas
Department : E & ECE, lIT Kharagpur

Topic

Lecture 12: Support Vector Machine Il




Concepts Covered:
1 Support Vector Machine (SVM)

1 Support Vector Machine Design
CONCEPTS COVERED




Support Vector Machine

X




Support Vector Machine

X




I A
Support Vector Machine

X




I A
Support Vector Machine

X
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Support Vector Machine
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Support Vector Machine
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NPTEL ONLINE CERTIFICATION COURSES

Course Name: Deep Learning
Faculty Name: Prof. P. K. Biswas
Department : E & ECE, lIT Kharagpur

Topic

Lecture 13: Linear Machine




Concepts Covered:

[ Linear Classifier

J Support Vector Machine
CONCEPTS COVERED

] Linear Machine

= Multiclass Support Vector Machine




Multiclass Problem: Linear
Machine




. 444 v
Linear Classifier & SVM







Multiclass Problem: Linear Machine

| 67.9 |
238.5
156.1

140.3

f(X.,W,b)

Cat score
Bird score
Dog score
Car score



Interpretation

| 67.9 |
238.5
156.1

140.3

f(X.,W,b)

Cat score
Bird score
Dog score
Car score



I AW
Interpretation




Multiclass Problem: Linear Machine
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NPTEL ONLINE CERTIFICATION COURSES

Course Name: Deep Learning
Faculty Name: Prof. P. K. Biswas
Department : E & ECE, lIT Kharagpur

Topic

Lecture 14: Linear Machine and Multiclass SVM




Concepts Covered:

[ Linear Classifier

J Support Vector Machine
CONCEPTS COVERED

] Linear Machine

= Multiclass Support Vector Machine




Multiclass Problem: Linear
Machine




Multiclass Problem: Linear Machine

f:R° > R"
f(X,W,b)=WX +b=s
_Wll W12 W13 - WlD_ _Xl_ _bl_ _Sl_

W21 W22 W23 T W2 D




Multiclass Problem: Linear Machine

| 67.9 |
238.5
156.1

140.3

f(X.,W,b)

Cat score
Bird score
Dog score
Car score



Interpretation

| 67.9 |
238.5
156.1

140.3

f(X.,W,b)

Cat score
Bird score
Dog score
Car score



Multiclass Problem: Linear Machine




Bias Trick

-1.0 08 1.1 ]
31 01 5.3
0.7 00 -21

02 05 01

679
238.5
156.1

140.3

Cat score
Bird score
Dog score
Car score




Multiclass SVM

S = f(Xi,W)j} — Score for j" Class of i" Vector (X, ;)
—WX.

s, = T(X;,W), — should bemaximum

L; = > max(0,s; —s, +A)
1#Yi




I a4
Loss Function: An Example

For some (X.,y.) where y. =2
s=(10 30 —20 25)' A =10

L, = > max(0,s; —s, +A)

1#Yi

= max(0,10—-30+10) + max(0,-20 = 30 +10) + max(0,25—-30+10)
=0+0+15




Hinge Loss

max(0,s; —s, +V) 4




Regularization
5; =S, =WiX; -W; X

Scaling W by 4 :W <« AW

§

Sj _Syi N l(sj _Syi)




Regularization

Include a regularization term R(W)
RW) =22 > W
k 1
1
L :WZ L+ ARW)

L :%Z > [max(O, f (X; W), - f(X,W), +V)+ A > Wy

NESY
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NPTEL ONLINE CERTIFICATION COURSES

Course Name: Deep Learning
Faculty Name: Prof. P. K. Biswas
Department : E & ECE, lIT Kharagpur

Topic

Lecture 15: Multiclass SVM Loss Function




Concepts Covered:

 Linear Machine

1 Multiclass'Support Vector Machine
CONCEPTS COVERED

i Multiclass SVM Loss Function

= Optimization




Multiclass Problem: Linear Machine

f:R° > R"
f(X,W,b)=WX +b=s
_Wll W12 W13 - WlD_ _Xl_ _bl_ _Sl_

W21 W22 W23 T W2 D




Multiclass SVM

s; = f(X;,W); — Score for j" Class of i" Vector (X, y;)
=WX

S, = f(Xi,W)yi — should be maximum




I a4
Loss Function: An Example

For some (X.,y.) where y. =2
s=(10 30 —20 25)' A =10

L, = > max(0,s; —s, +A)

1#Yi

= max(0,10—-30+10) + max(0,-20 = 30 +10) + max(0,25—-30+10)
=0+0+15




Hinge Loss

max(0,s; —s, +V) 4




Regularization
5; =S, =WiX; -W; X

Scaling W by 4 :W <« AW

§

Sj _Syi N l(sj _Syi)




Regularization

Include a regularization term R(W)
RW) =22 > W
k 1
1
L :WZ L+ ARW)

L :%Z D [max(0, f(X; W), — f(X; W), +V)+2D > Wy

i J2Y




I
Choice of Hyper Parameter

ZZ[max(O FOG W), = F(OX W), +V)+A) > W

NS

V and A control the same tradeoff =V =1

ZZ[max(O f(X;, W), =F(X;,W), +1)+/122W

NS

Binary SVM = L. =C max(0,1- yW'X.) + R(W)




. oss Function
Visualization




Visualizing Loss Function

Consider 3 Classes =W =

Iwé NE HEI

3 1-dimensional points =(X,,1), (X,,2) and (X,,3)




Visualizing Loss Function

L, = max(0, WX, =W, X, +1) + max(0, WL X, —W, X, +1)
L, = max(0, W, X, -W, X, +1) + max(0, W, X, -W, X, +1)
L, = max(0, W,' X, W, X, +1) #£max(0, W, X, —W, X , +1)

L= (GFL + L)




Visualizing Loss Function

—— SSOT




Visualizing Loss Function

] Take a random W (a single point in space)

] Take a random direction W,

J Record the Loss along W,

= LW +aW,)




Visualizing Loss Function




Visualizing Loss Function

LW +aW, +bW,)




Visualizing Loss Function

LW +aW, +bWw,)

Averaged over multiple
samples




Optimizing Loss Function

ZZ[max(OW X, ~W! X +V]+/IZZW

=Y

Vi, =——ZZ[X [ (W, X{—WyX; +V > 0)]+7W,

Yi
L J#Y

:—ZZ[X [ WX =W, X, +V > 0)]+EW,

N7




Optimizing Loss Function

VWyi :_%Z Z[xi |(thxi _Wytixi +V >O)]+77Wyi VW- :%ZZ[Xi |(\thXi _Wyt- Xi +V > O)]+§\Nj
T 7y, ’ i jy, |
Gradient descent

W (k+1) < (1-m)W, (k)+%z DY IX WX, —W, X, +V >0)]

Y

W, (1) = (- W, ()~ 3 SIX W)X, =W, X, +V > 0)]

N ESY
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