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learning
✓ \

.

Generalising Memorising

Lazy vs Eager learner

d) Lazy Learner

• Data processed only when question asked

•

Eg: piggy bank

di> Eager learner

• Each transaction processed in real time

• Queries are instant

• Model keeps updating

Instance BASED LEARNING

• Stores training examples and creates model when query made

with new instance

b- Nearest Neighbours

• Inductive bias : class of instance ✗ is most similar to class

of instances closest to ✗

• Instance -based learning ( lazy learning?
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Overview

Points may belong
to a class or take Find K nearest

a real value neighbours
classification vs
> regression) n

J

All instances
✓ Assign mode

correspond to Given a query cclassificatim

points in ND space point where or mean

it belongs in
Cregression)

space

DISTANCE MEASURES

1. Euclidean distance
y

1/2 >
• Cy ,> yz , . . . >Tn)

n

D
DCX ,Y)= £ (Xi -Yi)

'

i -- l L
•

✗

(34,712 , - - .

>
Xn)

2. Manhattan distance
y
• fyi, Yz , . . . >Yn)

DCX ,Y)= § Xi -Yi
i -- I

•

✗ C D

(34,712 , - - .

>
Xn)

3. Minkowski distance

YP
n

Dcx ,y) = E Ini -Yi /
P

if p=l : Manhattan
in

if p=2 : Euclidean
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KNN for Regression q classification

• Regression : real-valued target
e Classification : discrete - valued target

choosing a Value of K

° K cannot be equal to the number of instances

• Usually , k= no . of classes + I

- in case of tie , decrement k by 1

• k= Tn also performs well Ln = no .
Of instances in the

dataset)

Elbow method

• For every test instance, a curve of k vs error can

be plotted and the min value of k with the least

error is selected

° Elbow curve

•

Very slow
^

•

•
••

••

•••

error
- - - - - -;••

••

••

:
i
' ]

k
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Q : Find weight of ID 11 .
k=3 . Use Euclidean

Distance

ID Height Age Weight /Diff in /Diff in F.
Height / Age I

1 5 45 77 0.5 7 7.02

2 5.11 26 47 0.39 12 12.01

3 5-6 30 55 0.1 8 8- 00

4 5- 9 34 59 0-4 4 4.02←

5 4.8 40 {72 } 0-7 2 2-12 c-

6 5.8 36 60 0.3 2 2.02 ←

7 5.3 19 40 0.2 19 19.00

S 5.8 28 60 0.3 10 10.00

9 5.5 23 45 0 15 15

10 5.6 32 58 0.1 6 6.00

11 5.5 38 ? 0 0 0.00

°

Regression (continuous) problem: find average of k
nearest values

weight -_ 63.67

Error - Classification
• error __ 1 if actual 1. = predicted
• error __ 0 otherwise

n

Error (E) = # §
,

ei

Error - Regression
• error = ( ypred

-

Tactual
}

• MSE
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Perform KNN and find error - Classification

• 80 : 20 production and test set

• Upload prod data into memory

• Decide distance measure (Euclidean)

• Decide k value Ck --47

• For each data point in test
,
find distance Wrt to all

neighbours and choose 4 nearest neighbours

• Assign mode of neighbours to data point

. Calculate error and accuracy

• Produce model with achieved accuracy for a given k

TRAIN

✗ Y Class
^

3 5 red co - • •

3 6 red
•

red
9-

4 6
s - •

4 4 red
> -

7 10 green 6 - • •

S 9 green 5- •

8 8
green 4 - •

9 to green 3 -

2 -

TEST
1 -

se y
class

, I 1 I 1 I 1 I 1 I >

5 5 red 1 2 3 4 5 6 7 8 9 10

4 7 green
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Using Euclidean Distance k=3

n ^
5.83

to - • •
10 - • •

9- 5.38 • 7.211 9 - 4.24 •

4.47

s -
5
• s - •

7- 7 - 1.41 • 4.12

6- • •
"41

4.24 6 - • •

'

2-24
5- •

2
• 5 -

2.24
,

3

4 - • 1.41 4 - •

3 - 3 -

2- 2 -

l - l -

l l l l l l l l l l 7 l l l l l l l l l l 7

I 2 3 4 5 6 7 8 9 10 I 2 3 4 5 6 7 8 9 10

pred -

- red pred __ red

actual __ red actual __ green
error __ 0 error =\

Error - classification

error -_ 0 if actual __ predicted
error __ 1 if actual =/ predicted

{ eiE=nti=
,

MSE - regression
observed

ÉCYI - IiiMSE =

# i. i r

predict
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Perform KNN and find error - Regression

TRAIN

✗ Y Class
^

3 5 3.5
10 - • •

3 6 2.6
g- •

4 6 2.8
s - •

4 4 3. I
7-

7 10 8.7
6- • •

S 9 8.5
5- •

8 8 9.3
4 - •

9 10 9.7
3 -

2-

TEST
1 -

se y
class

l l l l l l l l l l 7

5 5 3.7 1 2 34 5 6 7 8 9 10

4 7 8.4

Using Euclidean Distance k=3

n n
5. 83

to - • •
10 - • •

9- 5.38 • 7.211 9 - 4.24 •

4.47

s -
5
• s - •

7- 7 - 1.41 • 4.12

• •
1.41

6-
2.24

4.24 6 - • •

'

5- •
2

• 5 -
2.24
,

3

4 - • 1.41 4 - •

3 - 3 -

2- 2 -

l - l -

l l l l l l l l l l 7 l l l l l l l l l l 7

I 2 3 4 5 6 7 8 9 10 I 2 3 4 5 6 7 8 9 10

pred -_ 3.13 pred -_ 2.967

actual -- 3.7 actual -_ 8.4
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error
'
= 0.3211 error

2
= 29.5211

MSE = 14.92

Distance weighted KNN

°

Weigh the contribution of each of the K neighbours acc . to

their distance to query point xq

n
te

f-Cxq) = argmax E wid (v , foci))
VEV in

Wi = I

dlxq ,x;)c-
distance
measure used

Eg : k=5

weights =L0.7 •

dists
• 2.0

2-I
• I- I •

•

I-8
•

support for red =

¥
+ Fg + z.to

= 1.532

Support for green = ¥ + ÷
= 2- 338
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Bias-Variance Trade-off

K is very low
• chance of overfitting (high variance)

K is very high
• chance for underfitting (high bias)
• label based on majority in dataset

k neither too high or too low
• good trade - off

Pros of KNN

• No training required
• Only two parameters : K and distance measure

cons of KNN

• Prediction time is computationally expensive
• Lazy algorithm all data points to be stored
• Hard to scale

• curse of dimensionality

scaling
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https://www.cs.cornell.edu/courses/cs4780/2018fa/lectures/lecturenote02_kNN.html

• Normalisation helps in uniformity

• Equal importance of each attribute

-

eg: salary Eg age - scales very different

curse of Dimensionality

• When no . of dimensions is too high , points drawn from probability
distribution not close together

• In d-D: assume uniform random distribution in unit cube

0

• Try to find k nearest neighbours in d dimensions

• Assume all K neighbours lie in a hypercube of length l (volume
ed )
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d ℓ

2 0.1 

10 0.63 

100 0.955 

1000 0.9954

• The fraction of points in the Cube (n -- total points)

edx a ⇒ e=⑦Yd
n'
If n= 1000

,
how big is l ?

• As d>70 , almost the entire space is required to find the k nearest

neighbours

• Unknown point will not necessarily be
'
similar

'
to its k nearest

neighbours

•

Histograms: distribution of pairwise distances between randomly
distributed points as d grows
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Solutions

1. weighted attributes for calculating distances
-

eg: predicting house prices distance gives less weightage
to colour and more to locality

-

eg : predicting maths marks distance gives less weightage
to english marks

2. cross-validation method : iteratively leaving out one of
the attributes and testing
- Best set of attributes
-

Long computational time

3. Principal component Analysis for Dimensionality Reduction

4. Rule of thumb : 5 data instances per attribute for learning

Q: Is this a good way to calculate weights in a weighted KNN?

n

FCK , g) =L wifi wi = hi
- P

c-=/

fi : dataset values §,
hj
- P

h : distance between query point and a data point, say
Euclidean distance.

yes , as points closer are given heavier weights
for tve values of p
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Q : X , Rz class k=3

7 7 bad Euclidean distance

7 4 bad

3 4 good No normalisation

I 4 good
GP : 3 7

(a) Vanilla

(b) Weighted

(a) 1×1 - Kap /
2

1×2 - xzap 12 total
'd

16 0
16 C-

16 9 25

0 9 q ←

4 9 13 C-

mode -_ good (using vanilla KNN)

(b) Weighted

1×1 - Kapp 1×2 - Krapf Euclidean weight class

16 0 4 ← 0-25 bad
9 516

z ←

0-2 bad
0 9 0.33 good
4 9 F3 ← 0.174 good

support for bad = 0.25

support for good __ 0.504
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https://towardsdatascience.com/decision-tree-overview-with-no-maths-66b256281e2b

Decision Boundaries
• Decision boundary: region of problem space where output label
of classifier is ambiguous

• separates underlying vector space into multiple sets
,
one for each

class

Decision Boundary for Decision trees

• Input space divided into axis- parallel rectangles

• Each rectangle : one class

0

• can represent arbitrary decision boundary

Decision Boundary for 1-KNN

• Voronoi tesselation

• Boundary drawn with points at the same distance from two

training examples
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'
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.

I

\

\
-
-
-
-
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-
- -
- - -

'

-

'

•

• ML Playground tool

• The decision boundary is a convex hull (fails with non-linear

data)

b- I k=3

source : scipy- lectures

• Piecewise non - linear decision boundary

Disadvantages of KNNS

• Arduous ( strenuous) to find right k value
• Sensitive to noise

• Performance low for large datasets calculating distances is linear)

• Performance low for high dimensionality Cdistances in each dim)
•

High memory to store all training examples
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Artificial Neural Network

Biological Neuron Artificial Neuron

Dendrites Input
cell nucleus Goma) Node

Axon Output

Synapse Interconnection

•

Input layer , hidden layers , output layer

McCulloch Pitts Neuron - Logic gates

• Simple neuron

y C- {0,1}
^

f

g'
nnnr

^

✗
,

"
2

. .

. .

.
. Hn C- {0,1}

•

g aggregates the input function and f takes a decision based

on the aggregation

•

Inputs can be excitatory or inhibitory

• If any Xi is inhibitory , y=O .
Else

n

gtxi >Nz , . . . > Nn ) = gcx) = I xi
it

y
= flgcx)) =/ if gcx) 20

-
- o if gcx) < 0
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• AND function

y c- {0,1}
a

>
3

n

r

X
, "

3

Xz

• NOR function C ° → inhibition)

y c- {0,1}
n

Ri Nz Y

O O l

0

°

0 0 I 0

I 0 0
✗
1 X2 1 I 0

• OR function

y c- {0,1}
n

n

'

r

✗
I ✗

2
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Geometric Representation of MP Neuron

• single MP neuron splits input points into two parts

Points lying on or above the line É Hi -0=0
in

• 0 : below line } must be linearly

1 : above line separatable

• Cannot show ✗OR

(a) OR

y c- {0,1}
^

a

10,1) -

+ve

n

'

r

- ve
✗
I ✗

2
1 )

(010)
( 1,0 , Kit Xz ? I 0=1

(b) AND

y c- {0,1}
^

+ve a

[0,1) - •

(1,17

- ve n
2
r

✗
I ✗

2
1 )

(01°)
( 1,0 ,

X , -1×2>-2 0=2
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Perceptron
• More general - proposed by Frank Rosenblatt

The Perceptron Model

•

Every input has an associated weight
• Mechanism for learning the weights and biases

• Inputs are numerical
,
not boolean

my

Wi '

n
n n
r

r

Wn

WZ

Xi
W3 Rn

✗z . -

Xz
- -

←
bias is

y
-
- l if § wixi - o

zig
threshold

i -- l

n

= 0 if { wiki - O< < 0
i= ,
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https://towardsdatascience.com/perceptron-learning-algorithm-d5db0deab975

A mathematical convention y

n
n

y= 1 if { wiki 20
i=o

Wo =
- O

,

n

= 0 if E Wiki C o
"0=1

W
,

'

n
n n
rr Wn

i=o
WZ

X ,
W3 Rn

where Wo = -0 and xo =L

(bias) Xz . .

✗3
- -

An Intuitive Example

. setting a threshold : eating at a restaurant

• Threshold 0 maybe low or high depending on the customer 's

standards

Perceptron Function

flx)=

{
1 if É wiki > 0

i=o

0 otherwise
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Comparing MP Neurons and Perceptions

Differences
- Weights and threshold can be learnt for perceptron
-

Inputs for perceptron maybe real-valued

similarities
- Separate input space into 2 classes

- All inputs that give I lie on one side and those that

give 0 lie on the other side

- Output is binary

logical OR

Kc Kz Y
O O O Wo = bias

0 I 1 Wi } unknownI 0 I Wz
1 I 1

Negative :
Woof -1 Will , 1-Wilz 40

coil>
I 4 !)

Wo Lo → ①

Positive
- I-174-1×2=0WOXO 1-Will +WzNz Z O

Wo -1W , Zo
→ ②

Wotwz 20 → ③
, >

Wo -1W , +Wz
20 → ④ (0,0) -21-3711+3×2=0 ( 1,0)

Possible solution : Wo = -1 ,
W
,
= 1

, Wz
=/
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Perceptron equation :

^

y= Woxo 1-Wpc, + wikz

① = -1 + x
,-1×2

:

y = { 1
, if 20

0
, J < 0

Another possibility

Wo = -2
,
W

,
=3

,
W
,
=3 -21-3×1+322=0

logical AND

24 Kz Y
O O o Wo = bias

0 I 0 Wi } unknownI 0 0 Wz
1 I 1

Negative :
WONO -1 Will , 1-Wirz 40

coil>
I 4 !)

Wo s o → ① -2+74-1×2=0
Wo -1W ,

C o → ②

Wotwz < 0 → ③

Positive

WOXO 1-Will +WzNz Z O

l >

Wo -1W , +Wz
? 0 → ④ (0,0) ( 1,0)

possible solution : Wo = -2
,
W

,
= I

, uh
= I
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http://www.cse.iitm.ac.in/~miteshk/CS6910.html

https://www.youtube.com/watch?v=4TC5s_xNKSs&list=PLZEpw4xZOspJEn5s4wUj6uA1mw2_dk0ap

Perceptron Learning Algorithm

source :(Lecture 2)

Check YouTube : CS7015 IITM

Deep Learning

Lecture 2.1 to 2.7

1

Working of Algorithm
• Initialise weights w with random vector

• Iterate over all positive 4 negative training examples CPVN)

• If an input x belongs to P Cpositive training class)
,
the value

of the dot product W -X should be 2 0

- So that perceptron predicts positive class

• If an input x E N
,
the value of the dot product w.sc

should be < 0

- So that perceptron predicts negative class

• case 1 : x EP and w.sc < 0 : increase the values in w

so next iteration of v0.x might be 20

• Case 2 : ✗ C- N and W -X 20 : decrease the values in w so

next iteration of w.sc might be co
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Why it works

• If x EP and w.sc 20
,
then the angle between w Ee x

should be C- 90
-

w .x= Iwllxl cos ✗

7

x
✗ I 90

.

⇒ cost 20

yd
>
w

• Similarly , if KEN ,
w.sc < 0 and 2 790°

source : IITM CS 6910

Intuition for why the update works

✗ is decreasing ✗ is increasing
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logical ✗OR

Kc Xz Y
O O O Wo = bias

0 I 1 Wi } unknownI 0 I Wz
1 I 0

Negative :
WONO -1 Will , +Wirz 40

coil>
I 4 !)

Wo s o → ①

Wotwitwz < 0 → ②

Positive

WOXO 1-Will +WzNz Z O

l s

Wo -1W 20 → ③ (0,0) ( 1,0)
wot WI 20 → ④

No solution ! Contradiction

single Perception
• Fails when data linearly inseparable

• Linear decision surface

• Problems : Prof Preet 's slides (L2-27
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https://www.youtube.com/watch?v=CJr4Dst0uZE&list=PLZEpw4xZOspJEn5s4wUj6uA1mw2_dk0ap&index=17

/

multi-Layer Perceptron Network - ANN

• If data is not linearly separable, we can use a network of

neurons

• Assume input True = -11
,
False -- - l Cnot 140)

↳ Thz Ths 4
hidden {
layer

• can implement any Boolean function

6

very good video →

• Perceptron 1 fires when x , = -14×2=-1
Perceptron 2 fires when x , -- -14×2--1
Perceptron 3 fires when x

,
-
- I 4×2=-1

Perceptron 4 fires when x
,
-

- I 4×2--1

✗OR Using Multi-layered Perceptron

4

✗ I
✗ 2 Y hi hz hz hit D= E.wihi

- I - I 0 I 0 0 0 Wot WI
- I 1 I 0 I ° 0 Wot Wz

l - l I 0 0 I 0 Wo t w }

I 1 O O O O l
Wo t wit
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Positive Negative
Wot Wz ? 0 wot W ,

C 0

Wot Wz ? 0 Wot Wy C O

Wo = - l
,
W

,
= -1

,
w 2=1 , Wz =L , W 4=-1

Multilayered ANN

°

Deep ANN : more than 1 hidden layer

1) Input Layers
• attributes for one sample
• fed into network

2) Hidden Layers
• responsible for deriving complex relationships between input
and output

3) Output Layer
• emits output
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Monotonic Functions

source : Wikipedia

monotonically monotonically
non - decreasing non - increasing

non-monotonic

Differentiability
source : calc workshop
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https://towardsdatascience.com/activation-functions-neural-networks-1cbd9f8d91d6

ACTIVATION FUNCTIONS

• Non - linear transformation applied to input before propagating
it to the next layer of neurons

Y= Activation ( & wiki + b)
i--0

• If there are no activation functions
,
behaviour of NN is

purely linear ( linear regression

0

1. sigmoid
ffx) = 1

It e-
✗

source : towards data science

•

Range : 10,1)

• Differentiable
,
monotonic (not its derivative)

• can cause NN to get stuck during training (problem of

vanishing gradient)
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2. tanh

fcx)= tanh (x)

tanhcx) = ed" - I = e
"
- e-
"

ed" + I e
"
+ e-
"

• Range : C-1,17

• Better than sigmoid as negative maps to negative

• Differentiable
,
monotonic Cnot its derivative)

source : towards data science

3. Rew CRectified Linear Unit)

f-Gc) = Max 10 , x)

f-Gc) = { X ,
X > 0

O
,
X E O

f-
'
Gc) = { 1

,
x > 0

0
,
X E O

° Defined to be differentiable even though it is not at

2--0
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source : towards data science

°

Range : [0
,
a)

• Does not map negative values properly dying Rew problem

4. Leaky Rew

• Leak increases range and tries to solve dying Rew problem

source : towards data science

f-Gc) = { X ,
X > 0

ax
,
X E O

• a is usually 0.01
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https://en.wikipedia.org/wiki/Activation_function

f-
'
Gc) = { 1

,
x > 0

A
,
X C- 0

° Defined to be differentiable even though it is not at

2=0

• Cheatsheet cat 71=0
, arbitrary decisions made)

source : Wikipedia
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Forward Propagation

• Total no . of layers in ANN is no . of hidden layers + output

layers

b
,

h
,
= Wpc , + WzXz 1- b,

X
,

W
' {h ,

output = activation Chi)

✗z

WZ

•

weight matrix : weights from previous layer to current

layer

• Dimensions = no . of units in prev layer ✗ no
. of units in current layer
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calculation of weight Matrix

Forward Propagation

• Wxh : weight between input and hidden layer

• bh : bias of hidden layer

• 2
,
= X - Wxh + bh : netsum

• a
,
= olz

,
) : activation function : output of hidden layer
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•

why
: weight between hidden layer and output layer

•

by : bias of output layer

°

22=9
,

-

why
+ by : netsum

• 5--0122) : sigmoid activation : final output

• Loss : error function

L=msE=nI É (Yi
- I ;)
'

i --1

Example

✗ ,

W
,
= 0-15 Ws = 0.40

0.05 7 h , ? Yi

Wz = 0.25
'

7

Wz = 0.20
↳ =""

Wg
--0.45 T

,
= 0.01

-12=0.99

'
Wg = 0.55 >

0.10 X2 > hz > Yz
Wy = 0-30

b
,
= 0.35 bz= 0.60

h
,
= Gl

,
W

,
-1 ✗zwztb? = (0.05×0<15+0.10×0.20+0.35) = 0.3775

hz = Gciwzt Xzwytb? = (0.05×0-25 -10.10×0.301-0.35) = 0.3925

Oh
,

= Ach ,) = ,¥.z,, , = 0-5933

Oh, = achz) =

,g¥g,
= 0.5969
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Yi = a(Oh
,Wstohzwbtbz

= a (0.5933×0.40+0 -5969×0-45+0.60)
-
-a (1-1059)
= 0.7514

n

yz
= A (Oh,Wy + Ohzwgtbz) =a(0.5933×0.5-10.5969×0.55 -10.607
= all . 2249)
= 0.7729

Loss =L Ely-55 [MSE ]

=L ( (0.7514-0.0172-1 (0.7729-0-99)
'

)

= 0.2984

Backpropagation
• Iteratively modify weights to minimize loss function between

actual and predicted values

i
✗

, , 3

YP OIP

2=1-2 ( J -y)
'

I = a(2) =

,¥ = ( It e-25
"

2 = wrxtb
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Review of vector calculus

nabla ; → D= ⇐ i + gdyj + ⇐ Idel operator

• If § is a scalar function lock , y,2) , then 001 is the gradient
of 10

00=8,4-1 + o¥j + oldiedz

• If 10 = flx ,y,2) , 0/0 is a vector that points in the direction
of the steepest slope

• Gradient of flx
>g) = - (cook + cos

>

y} depicted as a projected
vector field on the bottom plane

source : Wikipedia

of = ¥f it A-joy
© vibha’s notes 2021



GRADIENT DESCENT

. Minimising the cost function by taking steps in the opposite
direction of the gradient

T2

• At each step , weight vector is altered in the direction that

produces steepest descent along the error surface

• Gradient of error function Wrt weight vector points in the

direction of steepest ascent

• - PE in direction of steepest descent
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Gradient Descent

• the weights are updated according to the rule

w→ = w→ + Dw→

•

Where DÑ
'
is given by

☐w→ = -

y PECÑ)

•

M : positive constant called the learning rate

• Component - Wise

Wi =
-M
Owi

MSE / LSE loss function

• For a single output unit

E Ctd - Od}ECÑ) = £ DED

• D set of training examples
•

td - target (expected) value
-

Od - output (predicted) value
•

1-2 - to simplify calculations

• Multiple output units

ECÑ) = 2- E
E

DED KEoutputs
Ctkd - 0kg)2
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Cross- Entropy Loss Function

E = § - ti lnloi)
it

•

n= no . of classifications
•

Oi = a (z)
• z= wxtb

Binary cross - Entropy

L= - [ Yen (F) + ( 1-y) enc , -F)] } both notationsused

I = acz)

2- wxtb

Derivative of L Wrt W

8÷=¥8÷

¥=t÷+ E.
= °§w_ o¥¥w = aah-ah" "Ill- I)

sigmoid

¥=gYg awa- aan x
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https://www.cs.swarthmore.edu/~meeden/cs81/s10/BackPropDeriv.pdf

Backpropagation Algorithm

• Employs gradient descent to minimise MSE

Ecñi ) =L E E ( tied - Okd)
"

2 DED KEoutputs

Terminology

TZ

Derivation of SGD

• For sigmoid activation functions

Wji = Wji t Dwji

Dwji = -

M dEd_
dwji
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DEI = DEI dnetj_
dwji Onetj Owji

case 1 : Training Rule for output unit weights

dEd_ = DEI dnetj
dwji Onetj Twji

dEd_ = dtd-o-dj.IT 's→ ①
dwji doj dwji
- - ¥② ⑤
i

7
n Wji j

> > Oj = acnetj)
3

g netj = Esxjiwji
i c- I

}

}

⑨ 8T¥ = 2- E Ctu - out
KEOutputs

=

1-2 E d-Ctu - Out
KEOutputs 00J

only when j=k , ¥.

Ctu- Out f- 0
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= £ ftp.ltj-oj5
OEI =

- Ctj - oj) > ②

00J

⑤ doj_ = docnetj)

Onetj dnetj

Derivative of orca)

olx) =

÷g, = Cite-"5
'

ln 0 = - lnclté
" )

f- 8¥ -

-¥.

- e-
"

= ¥x

LI = oct - o)

= Oj 4- Oj) → ③

Combining ② 4 ③

dEd_ =
-

ctj÷j)
→ ④

Onetj
g-
= ltj - Oj)oj (1-Oj)
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② dnetj = °¥I Wii
"Ji

= xji →⑤
Owji dwji

Combining ④ 4 ⑤ in ①

dEd_ =
- ltj - Oj)Oj (1- Oj> ✗ ji

dwji

weight Updation

Dwji = M (tj
- Oj) Oj ( 1-Oj) xji

= MdjXji

case 2 : Training Rule for Hidden unit weights

dEd_ = DEI dnetj_
dwji Onetj Owji

dEd_ = E LED Iet dn_etj→ ⑥
dwji kedownstreamcj) dnetudnetj dwji

To
-

③

j ,0j= acnetj) netj = Esxjiwji
i c- I

i.
wji 3 Wkj k

> > Ok __ alnetu
3

} heth -- E Ojwnj
JET

}

s -
Downstream ( j)
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⑥ OED dnetn = - oh %e÷ doj
→⑦

Fete Onetj Onetj
w
- 8k

= -8k wkjoj ( 1- Oj)

⑤ %%¥_ = xji → ⑧

Combining ⑦ a ⑧ in ⑥

¥_jd, =
C - orkwkjojctoj) xji

KEDownstream Cj)

weights updation

Dwji = rfkji ( I duwujojltoj))
KEDownstreamCj)

Where 8h = Ctu - Out on 4-Ou)
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Q: Backpropagate once

0.05 X ,

W
'
= ° -15 Ws --0.40

, y,

Wz
--0.25

? h "
y

Wz --0.20
W^=° '"

Wg -0.45 T
,
= 0.01

-12=0.99

'
Wg --0.55 >

0.10 X2 > hz > Yz
Wy = 0-30

N -0-5 b
,
= 0.35 bz= 0.60

,
= 0.7514 Oh

,

= Achi) = ,¥.z,, , = 0-5933

n

y ,
-

- 0.7729

Oh, = achz) =

,g¥g,
= 0.5969

Loss -_ 0-2984

Wig = West ☐Ws

= Wj -1N (0.01-0-7514) (0-7514) (1-0.7514) 0.5933

= 0.40 -M (0-08216)

Wg = 0.3589
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WG = Woot ☐Wb

= w
, -1M (0.01-0-7514710.7514) (1-0.7514)/0.59697

= 0.45 -1M (-0-0827)

Wb = 0 -4087

Wy = Wy 1- Dwg

= W> + M (0.99-7729710.7729) (1-07729710.5933)

= 0.50-1 0 . 1130

= 0-5113

Wg = Wgt Dws

= Wstm (0.99-7729) (0.7729) (1-0-7729710.5969)

= 0.55 -10.1137

= 0.5614

W
,
= W

,
+ Dw

,

Dw
,
-
- M [ E (thon) 0nA-0k) Wuj ] xji ojctoj)KEDown -4)

W
,
= 0.15 + 0.5 [ (0.01-0.7514) (0-7514) (1-07514710.40) t(0.99-0-7729710.7729) (1-0-7729) (0.507] 0.05

(0.5933711-0.5933)
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W
,
-
- 0.15+0.5×0.01206×-0.0363

W
,
= 0.1498

Wz = 0.20+0.5/(0.01-0.7514) (0-7514) (1-07514710.40) +(0.99-0.7729) (0.7729) (1-0-7729) (0.507]
° " " °

(0593374-0.5933)

Wz = 0.201-0-01206 × -0.0363

Wz = 0.1996

-0.0414

Wz = 0.25+0.5/(0.01-0.7514) (0-7514) (1-07514710.45)-1(0.99-0-7729710.7729) (1-0-7729) (0.55)]
°"°5

(0.5969711-0.5969)

Wz = 0.2498

Wy = 0.301-0.5/(0.01-0.7514) (0-7514) (1-07514710.45)-1 ] 0.10(0.99-0.7729) (0.7729) (1-0-7729) (0.557
(0.5969711-0.5969)

Wy = 0.2995
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Overfitting
•

Fitting of noise
• Solution : validation set

• Look up : Universal Approximation Theorem

Gradient Descent Algorithm

• Repeat until convergence (gradient -_ 0 at min

for j= 0,1

• Update weights d-- learning rate
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Visualization in 2D

n
-PE -- projection of slope

ECW) -

YE •→ DE
ECW)=£E Ctd - Od )2

;
DED

I

1

I

1

!
>

w=w -✗(positive number)
ai

w

n
-PE -- projection of slope

Ecw) TE TE ECW) --12-2 Ctd - Od )2
< q→ DED

1

:

"

!
>

w=w -✗(negative number)
in
w

Effect of learning Rate ✗

too small too large

Drawback of GD

• Can get stuck in local minimum
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Q: Perform one pass of FP and one of BP Cassume 0)

I'°

, , 0.20 M = 0.05

> 4
0.303 0.10 6 actual

5
,0^4

, y

- O 't

oyp , y
= 0.65

0.10
-1 ,

} 5
0.50

0-7
, z Mltj -Oj > ojctojtxji

0.20

0.2 0.10 b-- (f)
✗=/ ¥4 ) w=( 0.3 -1

0-7 -0.1 0.20
]

Net -.wTx + b =/0.20.3 -0"

)(§?y )
+ (f)0.10 - I 0.20

=

[0-25]- 0.16

Z= OCX) = [ 0.56220.4601 ]

netz = Wztztbz = [0-10 0-50110.56220.460 ,]
= 0-2863

① = 0.5711 = Oj

y= 0.65

Loss = 1-2 (0.65-0.571172=3.113×10-3 © vibha’s notes 2021



Backpropagation

0064 = 0064-1 AW

= 0.10 -10.05 ( (tj - Oj) Oj CI - op xji)

= 0-10+0-05 (0.65-0-5711) 0.5711 (0-5622)

= 0.10 -10.05×0.0253

= 0 . 101

V65 = Was + Dw

= 0.50 -10.05 (0.65-0.5711) 0.5711 (0-4601)

= 0.5010

W¢,
= 0.20 -1 Dw

= 0.20+0.05 [ § (ta - Ou) On Ll - On)whj]Xji ( 1-Oj)§
KEDS

= 0-20-10.05 [ (0.65-0.5711) 0.5711 (1-0.5711) (0-10)]
( 1.0) (1-0-5622) 0.5622

= 0.20+2.3784 ✗ 10-5

= 0.2000
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V42 = W42 + DW

= 0.30 + 0.05 [④th-0h70all- out wuj ) Xji ( 1-Oj) Oj]
REDS

= 0-301-0.05 ((0.65-0.5711) 0.5711 (1-0.5711) 0.1]
(0-40) (1-0.5622) 0.5622

= 0.30 1- 9.51×10-6

= 0.30

V43 = West 0W

= - 0.1 + 0.05 ( 84th- Oa) 0k ( 1- On)Wkj ] ✗ji ( 1- Oj) Oj )
KEDS

= - O - I -10.05 [(0.65-0.5711) 0-5711 (1-0.5711) 0.1]
(0-70710-5622) (1-0.5622)

= -0.09998

and so on
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Q: Perform one pass of FP and one of BP Cassume o) for

Wjz and Wz ,

7--0.5
0.3

, ,
°"

s

,

3
0.3 (5)

0.8 >
oyp > iy Actual

0.4
?

y
--0.73

0.35
, z } 4

0.9

0.6

2=10-3 o.go.gg
NT -- [0.3 0-35]

0-35] Wi -- [ 0-1 0.4

netz - [8 :} ;] a :-[0-57690.581g ] 0 = 0.8261

Backpropagation

☐wsz = M ( tj - Oj) Oj CI
-

Oj) Xji

= 0.510.73-0-826170.8261 (1-0.8261) 0.5769
= -3.9822×10-3

V53 = 0.2960

Dwz,
=

M Ojll
-

Oj ) xji [ (th - Ok>0h11 - Ou) Wuj
ktdowncj)

= 0.510.5769711-0.576970-340.73-0 -826170.8261 (1-0.826×0.33)
= -1.5164×10-4

V31 = 0.0998
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https://web.stanford.edu/group/sisl/k12/optimization/#!index.md

Mathematical Foundations for sums

• Build models to map input to output data

• ML models → optimisation problem
- minimisation of fcx)
- maximisation of fix) ⇒ minimisation of - fcx)

1. Unconstrained optimisation

• Find x that minimises fcx) ; global minima

°

Stationary / critical point : where f- 'Gc) --0

- local minimum

- local maximum

- saddle point

- Second derivative

- f- "Gc) < 0 : local maximum

- f-"Gc) > 0 : local minimum

- f"/x) = 0 : could be saddle point

HESSIAN MATRIX

• Let f : R^→R with input vector ✗ C- Rn and output
scalar ftx) ER

• If all partial derivatives of f exist and are continuous
,

then Hnxn is defined as
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source : Wikipedia

• or

• For 2 variables

*
8¥ 8¥

,
¥ ÷dydx

• ✗ is a vector ⇒ must find gradient

- If Hij is positive definite : local min
If Hij is negative definite : local Max

If Hij is indefinite : saddle point

Q : Find the Hessian of fcx,y)=8n - 2x2y? Also find gradient .

Of -_ (8- 4kg2)i - 4x2yj = [ s - 4kg2 - 4k2g]

-Syr fµ :[ 4y
'

-

Sync -4×2

© vibha’s notes 2021



2. Constrained optimisation

☐ Constraints place limits on the domain of the variables

• Eg: marathon runner

Lcn
,7,2) = fbi) + § ✗ igicx) + [ xjh

">
(x)

j

• Constrained minimum

min flat min Max Max LCX
,7,2)

sets x ✗
2,220

• Constraint surface places limit on value of function to be

optimised

Review of vector calculus (part 117

• If 0/01 ,y ,2) is a function , 0/0 = the direction of

Max ascent ca vector)

¢1K ,g) = Czit * :-c
.

2=0/4 ,y)=k(x4y2) + b

001 is radial
to the circles

x2+y2=c
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☐ On a level surface 0/61 ,y,2)= C , the gradient at any point
is perpendicular to the surface

• This is because the value of ☐ of along the surface is o

Csinceocx ,y,2) is constant)

• Level surfaces in higher dimensions are represented as
contours

source : Wikipedia

Minimization Problem

• To minimize value of a function f-(E) subject to the constraints

got ) I 0 C boundary level surface) called the feasible region

• start with I
'

lying on the constraint boundary gti)=o

Direction Requirements

1. Descent Direction

• If a vector decreases the value of the objective function
fat)

,
it is said to move in the descent direction
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• Test if vector DJI is moving in descent direction

↳ Find Pf(Ñ )
↳ Find ☐fGc→) . Dx→

• If the dot product is so , the vector is moving in descent
direction

• Reason : if a÷b→ is negative , 0 is obtuse . This means

angle between TÉ and DI is obtuse and DI reduces

the value of f- (E)

a

Pf

%
Dtc v

-Of

;
f-GI )=c

1
optimal
point

Q : f-1×7=2×1+3×17122
Tell if the following vectors are in descent direction starting
from 14

,
-2)

01×7=[2+3×22 624×2] at 14
,
-2)

,
[ 14 -48]

(a) [2 I]

[2 IT - [14-48] = 28-48 = -20 : descent

(b) [2-1]

C2 - 1) ' [14-48]--28+48 = 76 : not descent

(c) [-2-1]

C-2 -D. [14 - 48]=-281-48--20 : not descent

(d) [-2 I ]

C-2 I ] - [14 -48) = -28-48=-76 : descent
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2. Feasible direction

^ Vector that will not violate the constraints is said to

be moving in a feasible direction

• If the constraint is gCÑ) so

0g got > 20
OT
v
-

og'
ax got)=o

got> so

• To test if a test vector Ñi is moving in a feasible

direction

↳ Find PgCÑ )
↳ Find PgCx→) . DI

'

• If the dot product is so , the vector is moving in feasible
direction

Q : Given the constraint 74-1%2-4<-0

(a) Choose any point on the boundary of this constraint

(0,2)

(b) Test the vectors (3,47 , C-5,43 ,
C-3
,

-2) for feasibility

0g = [ I 2×2 ] at co
,
2) = [ I 4 ]
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https://www.youtube.com/watch?v=yuqB-d5MjZA

1. (3
,
4) • ( 1

,
4) = 3-116=19 - infeasible

2- ( -5
,
4) . ( 1

, 4) = -5+16
= 11 - infeasible

3. C- 3,
-2) . ( 1

,
4) = -3-8 = -11 - feasible

Descent 4 Feasible cones

• Overlap between set of all descent vectors and set of all

feasible vectors is called set of productive vectors

• Overlap gets smaller as minimum point is approached

• once there is no overlap , optimal point reached

Non - linear optimisation

• First step is to start on the boundary

• Let the optimal point be represented by vector I'm CÑ*)

• PHI'm) = -7 Ogc I'm) assume gcñ) is an equality constraint

① ftxm
✗= Lagrange
multiplier gli'm)

> THI'm)
'

☐gcñim

Khan Academy:
no overlap
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Lagrange Multiplier

• Define single Lagrangian function LCX
,
X) = f-(X) -12gal)
← also ✗

*

• To find optimal point / stationary point Xm of L Wrt both
✗ and 7

,
we need to solve the constrained optimization

problem

• If ✗ is d-dimensional
,

QL = 0 > d equations

0¥ = O ' 1 equation

• Totally : d -11 equations, d-11 unknowns

Q : maximize FCX) = 1 -Xi - xi subject to gcx)=x,-1×2-1=0

LCX >d) = I - xp -xi + ✗ (21+22-1)=0

0×1=1-2×1
+ ✗

) :( ;)
- 2×2 + ✗

0¥ = Xi -1×2-1 = 0

Solving casing calculator)

74=21 ✗2=1-2
7=1

Optimal point Xm or ✗
*

= ( 42 , Yz)
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Multiple constraints

• one multiplier per constraint

Karush- Kuhn - Tucker CKKT) conditions

•

Inequality : same d-11 equations plus additional constraints

c) gcx) 20

(2) A 2 0

(3) ✗ gcx) = 0

Support vector machines

° KNN : classified based on neighbours

• SVM : divide space based on training examples and find where

query point lies

Properties

1. Non linearity can be handled

2. Multi classification

3. Classification Eg regression
4. Computationally expensive
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The convex hull of a set of points is defined as the smallest 
convex polygon that encloses all of the points in the set. 
Convex means that the polygon has no corner that is bent 
inwards.

https://medium.com/@harshitsikchi/convex-hulls-explained-baab662c4e94

Linearly sepaeatable Data

• Hyperplane can separate data

• Convex hull problem : 4-RS
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https://www.youtube.com/watch?v=_PwhiWxHK8o

Transforming Data to Linear separatability
^

• •••M• ,
• kernel trick : transform ✗→ fix)=x^

•

vapnik 's idea : find widest street / channel /gutter to separate
pos 4 neg classes

•

•
• •

• ••••%. .••
• Hyper plane with widest margin

• watch MIT SVM :
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Binary classification

• Assume decision boundary 4 gutter found

• Let sample to be classified be represented as J
>

Cunknown)

and a unit vector 1- to the gutter be w→

• Rule for classification :

↳ if projection of J
'
onto w→ falls on positive side of street,

J' is positive

↳ if projection of J
'
onto w→ falls on negative side of street,

J' is negative

^

via

F-
>

Ticunit)
•
i

¥-I
vi.w→

negative • ñ positive

ii.
>

• In other words
,

iii.u→ ? c pos
w→.u→ E C

neg

w→ . ñ - c so → ①
w→ . ñ

'
- c so → ②
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Let u→=Ñ+ for +ve sample and I? for negative sample

At the boundary , let the two constants be a 4 ez

w-7.sc?,-c,--o →③ Ñ5? - cz = 0 → ④

Let A = - (CIC) and B = - (Cz - c ,)

2 2

Then - c, = A- B and - Cz = A -113

Replacing in ③ 440

☒ II + A-13=0 →⑤ ÑI? + A-113--0 →⑥

Dividing ⑤ 4 ⑥ by B

WIE't +÷ -1=0 →⑦ F- ñ? + ¥ -11--0 →⑧B

←
no longer unit

Redefining ¥_=Ñ and ¥ = b in ⑦ 4 ⑧

w→Ñ + b = I > ⑨

w→x? + b = - I > ④

converting to inequality

Ñ5+ +b 21 → ④

To> I? + b E - I 7 ④
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The predicted values of y

Yi
= 1 : + ve

yi
= -1

: - ve

multiplying ④ Ee ④ with Yi

Yi ( Ñ
'
- If + b) - I do → ④

yi (
w→ -I? + b) - I do → ④

Generalizing for all I's

yi (
Ñ -I
'
+ b) - I 20 → ⑤

Solving for Ñ+q -I? from ① Ee④

I'
+ I cut)

- '
G-b) → ⑤

-I? z (E)
"
( Itb) → ④

The width of the gutter is the projection of ñ+ -I?
onto w→

,
if XI and I

'
-

lie on the boundaries

ñ+ - ii. = ⑤ +④ = Cio )
-'
(2) →④

Width from ④

width = 2C 5
' w→

11071

= 1¥11

The goal is to maximize width , or minimize 11nF 11
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Primal Problem

maximize f- (w ,b)
=

,÷,

subject to constraints

yicwtxit b) - I 20 leg 15)

for i= 1 to m where m= training instances

optimization

maximize ,¥,= minimize 11m¥ = minimize Hw¥

Using Lagrangian Multiplier Method

Multiple constraints

LCX >D= fcx) -14 , g. (X) + Xzgzcx) -1 . . . + Xkgkcx)

Objective fcw) =L IIWIP to minimize

subject to m constraints gcw ,b) = yilwtxi + b) - I

c- = 1 to m

Lagrangian Function
m [

Lagrangian
m

L=Hw)- [ di gilw ,b) -2111WIT - [a. [yicwtxitb)
-1) → ①

c-=/ it
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Derivative warty
why vector ? check pg 4s of 24

- sum

in Prof Preet's
slides

⇒ =D - Eaiyiñi -

- o

m

→②= { diyiñi
i =L

Derivative wrt b

¥ =
-§ xiyi = 0
i -- l

m

E. diyi -- o → ③
i=i

Replacing ② 4 ③ in ①

M M M M

1=1-2 E tidjyiyjxitxj) - (EG tidjyiyjxitrxj)
in j=l in j-- l

m M

- b Gai Yi + Edi

iron F- I

4W
, b)27 = § ✗i - 1-2 (§ § ✗idjyiyjxiti =L in j--1
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https://www.youtube.com/watch?v=6-ntMIaJpm0

SVM-Dual Optimization Problem

watch :

max WH) = ② hi -1-2 (f) § did,- yiyjxitrxj)✗ i=1
in j=l

ST constraints (ti -- l tom)

C
,
: hi 20

m

Cz : [ ✗iyi = 0
I =L

M

↳ : E ✗iyi Nix + b = 1

i -- I

4 : ME ✗iyi Xix + b = -1
i -- I

• vectors that lie on boundary : support vectors Cd > 0)
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Q : (3) 1) , (3)
-1)

, (6) 1) , (6)
-1)

, (1) 0 )
,

(0,17 ,
co
,-17

,

C- 1,0)
+ve - ve

¥2

sit ;] -ve

sa
-

- [ ? ] +ve
• ④ .

C • ① ) X
,

• ④ .

5--1.3, ] +ve
m

v
w= 8 Xiyixj

i - i

3 Lagrangian multipliers

C
,
i ✗ i Z 0

3

Cz : Cti Yi
= 0 = - X

, -1×2+43--0 → ①
i=1

3

Cz :{ ✗iyixi -X , + b = - l

i -- I

3

4 : Eli yixi - xztb = + I

1- =L

3

G- : Eli yixi - Xz tb = +1

1- =L
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cz :X ,
C-1) ( I 0][f) + ✗ 24713 1)[f)

+ til> [3- 1) [ f)+ b= - l

- ti -13×2+3×3 + b
= - I → ②

Cy :X ,
C-1) ( I 0][ + Xzcl)C3 1)[g) +1311> [3-1]/3,1+6=+1
- 3X

, -110×2-18 Xztb = I → ③

Cs :X ,
C-1) (10%3)+424713 1)(f)+1311>[3-1] (f)+ b= -11

- 3×1+8×2 -110×3+6--1 → ④

✗ 1=1/2 ✗2=1/4 ✗3=1/4 b = -2

w= ③ ✗ ixiyi = # (f) c-17+1-413, ]"> +If, ]")in

=L -14+1%11+14:]
= (f) ,

WN + b=O is line

(1) X ,
+ 01×27-2--0 ⇒ ✗ 1--2
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Q : The samples are 0,07 , CI> 1)
,
(2,0) (SVS)

-ve -ve + ve

Test sample : 6,07
How many Lagrangian multipliers ? 3 C1 for each support vect)
Find weight 4 bias.

~
✗
2

•

• • 7 X
,

C ,
= Exiyi = O
-X
,
-Xz -1×3=0

→①

Cz = WK +b = + I pos
wx + b = -1 neg

m

w :[ YiXi Xi g- + b
=
- l

in

- × , (g) [0 0] - Xz ( y ) [ 0 0T +Xz( f)
[ 0 0 ] tb = - I

b= -1 → ①

© vibha’s notes 2021



-4 (f)
[i] - ✗ z( g) [ I 1 ] + Xz(g)

[ I 13-16=-1

-2×2+2×3 -16=-1 →③

m

w :[ Yixili g- + b-
- +1

in

- ✗ (8) [20
] -
×z(g) [ 2 0 ] + Xz(f) [

20] -16--1

-2×2 -14×3+6--1 →④

Solving 10,20 , ③ 440

✗3=41-1×2 b= - I

③ :

-2×2+2×1 -12×2-1=-1

2×1=0 ⇒ ✗1=0

④ :

- 2×2 -14×2-1=1

2×2=2

✗2=1
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✗1--0 72--1 ✗3=1 b= - I

w=ExiyiXi = (g)G) 10) +(f)c- 1) (1) +(f) (1) (1)

=

(1,1+18)=4 )

w = [ I - I ] → 1- to line

71 ,
- Xz -1 = 0 ⇒ ✗ 2=24-1

If wxi + b > 1
,
+Ve sample ,

not SV

9: samples : (3,1/4) , C2 , -1147 , (2,1/2) . Find out w Eeb .

- ve + ve + ve

n 712

•

•

I 1 7 71
,

I
•

3

v
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E.) E) (%)a Exiyi = 0
- + t

- X
,
+ Xz -1×3=0 → ①

C2 WX tb = + I [+ve )

Wrx + b = - l C - ve )

M

w -

- Shiki Yi
in

Xi.

µ (3411-1) + ✗Y?,4) (1)
+ ✗

3 (D) Cs 44 ] + b = - I

¥5 ✗ ,
+ 9,5-42 +

44×3 + b = - I
→②

✗ i.

(H (3411-1) + ✗YI,4) (1)
+ ✗

3 (D) C2 -114] + b = -11

-9,65-4 t 6,56-42 + 4- Xz + b-- I →③

Xz :

(H (3411-1) + ✗YI,4) (1)
+ ✗

3 (D) C2 Yu ] + b = -11

-

¥4 ,
+ 3¥ Xz + ¥ Xz + b

= I → ④
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✗1--2 Xz =} ✗3--43 b = 5

w=Éxixiyi = 217,411-1>+23-(1,4/4) +¥42k)i=l

w = ( j2 ) = 1- to line

b-- 5

- 2x
,
-15 = 0

74--52

NON - LINEARLY SEPARABLE DATA

• Transform data to be linearly separable (kernel)
- can do so by mapping points to higher dim space

• Let N= CN
, ,
Nz, Nz)T , Y = (Yi , Yz , Yz

)T

• Assume we need to map to 9D space with function of

(1) = (ki, Nitz , Nik} , Niti , Ni , Ritz , Rza , 2342 , N} IT

(g) = (Yi , y ,yz , Yiyz , Yay , , Yi , yay, , yzy , > yzyz , y} )T

° Final result required is dot product of 2 support vectors
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° 0164T¢ (g) = § ③ ✗isejyiyj
i= , j

-
- l

• Computational complexity : an
') - here n =3

• Can use a kernel trick to avoid unnecessary computations

•

Using kernel function kin ,y)= Cxty}

KCN
,g) = (Hey , -1 NzYz + Nzyz}

3

Klay> = § [ ✗ isljyiyj
i-
- l j -- l

- Rewrite dual problem as

M M M

Myx [ 4. - 1-2 { { ✗iojyiyjklni , a;)
i -- l in j=1

Kernel Functions

1 . Polynomial : KCR
, >Nz)

= Cn
,
-nz + c)

d

2. Gaussian /RBF
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0:L :).CI/.l:).t:).(i1iCt).l-i).l-.I)-...=e
• •

@ •

⑧ 0

a •

Herne"

(µ ,, , , µ , ,, ,)
if ✗it"i > 2

¢ (g) = {
""2) + Ix , - xzl

(%) otherwise

New points :

1271%71%7187411111.11111 )

my ÷
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" - """"
•

• •

•

@ •

•
•

svs:( ;) and (E)
- ve +ve

c ,
:& Xiyi --0
i=L

cz : § XiYi II. x , tb =
- I

÷
↳ E Xiy ; I?

-

xz
1- b = -11

i -4
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C , : - X , -1×2=0 →①

4:( 41-17 (1) + ✗all> (z))
-

(1) + b = -1

- 2X
, +4×2 tb = -1 →②

'
3 :( Act> (f) + all) (Z)) - (3) 1- b-- I

- 4h , +8×2+6=1 → ③
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Q : 6 -2C
,
the

,
-1272

0/61 , ,x,) =/
%
-Xz + Cx , -✗ a)

2) if 74%2 zz

Nl
✗2

(1) 1) , l - l , 1) , I-1 , -17, (17-1) , ( 2,0) , ( 0,27,
C-2,0 ),( 0 , -2)

¥#
Transformed points

C.) it:) > (1) it:D .li:71 :) .IE) .li:)

•

- ve

•

• •

+ • •

• •
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Q : construct an SVM that computes ✗OR function
.
Use values +1

and -1 for both input 4 output . Map the input CX , , xD into a

space consisting of G1
, , Xixz

)
.

Draw the four input points in this space and the Max margin
separator .

What is the margin? Infer if the datapoints are separable or

not.

New plane
Ki Xz Y XI Xz y

- l - l - l - l l -l

- l l l - l - l l

l - l l l - l l

l l - l l l - l

• •

-ve

• • +ve

M

Eti Wi --0
in
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