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Classification: Oranges and Lemons
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Classification problem

° Given: Training set
— |labeled set of N input-output pairs
~ D = {2,y O,
- y={1,..,K}

° Goal: Given an input x, assign it to one of K classes

° Examples:
— Spam filter
— Handwritten digit recognition
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Perceptron
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Decision boundary

* Linear classifier

T
3+3 +x, =0
4X1 Xo =
if Wix >0theny =1
FElsey = —1

w = [—3,0.75,1]
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SSE cost function for classification

* SSE cost function is not suitable for classification

— Sum of Squared Errors loss penalizes “too correct”
predictions

— SSE also lack robustness to noise -

ks

N -2
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J(w) = Z(wa(l) _ y(l)) .
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SSE cost function for classification

* |s it more suitable if we set f(x;w) = g(w! x)?

(sign(w'x) — y)*

Jw) = ) (g(w'x®) = y®)° :
=1

y=1
. (-1, z <0 -
9 =sigm@ ={" I3 >,
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Perceptron algorithm

° Linear classifier
* Two-class: y € {—1,1}; y = —1for C,, y = 1 for C;
° Goal
~vi,xW e ¢, =2wlx® >0
~vi,xWD ec, = wlxW® <0

* flxw) = gw'x) :
(-1,z<0  weq 2
9@ = 141220 |
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Perceptron criterion

* Misclassification
~vi,xPDec; =2y® =4+1but whx® <0
~vi,x® e, =2 y® =—1put wi'x® >0

\ )

WTx®y® < 0

o == 3 w0y

LEM

M : subset of training data that are misclassified
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Batch gradient for descent

Perceptron
* “Gradient Descent” to solve the optimization problem
with = wt =0, Jp(w')
Fup (W) = = ) xOy®
lEM

° Batch Perceptron converges in finite number of steps

for linearly separable data .
Initialize w, t < 0

Repeat
W=w+n T xy®
te<t+1

Until n Xie e xPy® < 0
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Stochastic gradient descent for
Perceptron

* Single-sample perceptron
— 1If x®) is misclassified

witl = wt 4 px®y®

° Perceptron convergence theorem
(for linearly separable data)

— If training data are linearly 2T
separable, the single-sample
perceptron is also guaranteed to
find a solution in a finite number of
steps. 1 2 3 4%
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Convergence of Perceptron

° Change w in a direction that corrects the error
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Convergence of Perceptron
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Backpropagation

* An example of a multi-layered neural network
— Input: 10 numbers

— Output: 4 decisions or predictions

Nonlinear
activation

Summation Weighted
junction connection

©Numeric Insight, Inc.
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Backpropagation (concept 1)

* Boxing
— Tacking on an extra computational block to calculate the
error

— Next, we choose one of the layers (say Layer 3) and
enclose that layer and all following layers in a box

e = (01 — tl)Q + (02 — t2)2 + (03 — t3)2 + (04 o t4)2

Layer 1 || Layer 2 || Layer 3 || Layer 4 | [Error computing]
Input block
Nonlinear
activation
1 T
b z
) ) Error
z )
Z Z
| ¢
Summation Weighted
junction connection ©Numeric Insight, Inc.
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Backpropagation (concept 1)

* Boxing (cont.)
— This box: current box

— Input to this box: current input

o {C11C2JC31641 CSJC6}
— Relationship between the current input to the box and

- e = E(Cll C2,C3,Cy, Cs, C6)
| Layer 1 || Layer 2 || Layer 3 || Layer 4 ||Error computing]|
Input block
Nonlinear
activation
1 0
Z b3
Z ;, Z Error
Z Z
Z Z
I ¢
Summation Weighted
junction connection
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Backpropagation (concept 2)

* Sensitivity

— partial derivatives
0E OE OE
aC1 ’ 662' aC3’

— given a name for partial derivatives
— Sensitivity: {8cq, 8¢y, 8¢3,0¢,, 8¢5, 8¢} —Zo{sc, [sboxconains

Layer 3,

Current input

Current sensitivity |

(5]
—1 8¢y

Layer 4,
the target, and the

ﬁ.. 563 error computing block.
i The input-output relationship is ﬂi e
current input changes expect the error o, S
—
by the Sma” amount Change at the OUtpUt “ The sensitivity of the output to
ACl ————————— - AC18C1 the inputs is
C5 {6(.'1, 66’2,6(.'3,56'4, 66’5,666}.

— i

— dcg

©Numeric Insight, Inc.
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Backpropagation (concept 2)

* Sensitivity of the preceding box
— Layer 2 and all following layers

_ {Sp]_) sz; 6p3' 6p4}

Current sensitivity

5C1

This box contains:
Layer 3,

Layer 4,

the target, and the
5C3 error computing block.

66‘2

P1 ®ﬂ(£1)

. . L Error
The input-output relationship is | 2

e = E(cy, ¢y, €3,C4, Cs5, Cp)-
6C4

The sensitivity of the output to

the inputs is

{8¢y, 8¢y, 8¢z, ey, 8cs, Scg )
5C5

56‘6

©Numeric Insight, Inc.
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Backpropagation (concept 2)

. . OF
* Computing sensitivity component of 6p; (= a_)
P

... the signal Current sensitivityl

here changes by

.. the signal ApyA'(p)wyy v
here changes by 9 - dcy
Apy =

This box contains:

6C2

Layer 3,
IPreceding input | Layer 4, f .
n the target, and the 5pi - A (pz- ) E Wiy OCj
- the signal Sc.  error computing block. :
here changes by 3 : J
rror
ApA'(py) The input-output relationship is

e = E(cq,c3,C3,€4,C5,Cg)-

... the error signal
The sensitivity of the output to here changes by

... the signal
here changes by

6C4

ApA'(p)wy, the inputs is ApyA'(py) w861+
{6‘:1- SCZ! 6C3! 664: 665: Jcﬁ}' Aplﬂ‘,(pl)wlzacz*.
dcs Ap; A’ (p)wy3bcs+

Ap;A'(pIwyabeg+
Ap,A'(py)wy56¢cs+
Ap;A'(pr)widcs+

e bcg
sensitivities are propagated backwards enumerc s, n.
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Backpropagation (concept 2)

* Computing sensitivity component of starting point
— consider the error computing block itself

— Input : {04, 0;, 03,04}
— Output: e

— sensitivity of the error computing block |[Error compiting]
— {2(01 —t1),2(0; — t3),2(03 — t3),2(04 — t4)}

Error

'ht, Inc.
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Backpropagation (concept 3)

* Weight updates

— Using gradient descent

Current sensitivityl

= ¢y

This box contains:

J ' Layer 3,
Preceding input ‘ Layer 4,

the target, and the
error computing block.

The input-output relationship is
e = E(cy,¢3,¢3,€4,C5,C5).

The sensitivity of the output to
the inputs is
{6‘:1: 8(‘2, 8C3, 5(.'4, 6‘:5» 8C6}'

DONumeric Insight, Inc.
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Backpropagation (Addition of
bias)

* Use of bias generally results in a faster convergence of
the training process.
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Backpropagation (Summary)

* Step 1: Initialize the weights and set the learning rate and
the stopping criteria.

* Step 2: Randomly choose an input and the corresponding
target.

* Step 3: Compute the input to each layer and the output of
the final layer.

* Step 4: Compute the sensitivity components.

* Step 5: Compute the gradient components and update the
weights.

* Step 6: Check against the stopping criteria. Exit and return
the weights or loop back to Step 2.
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http://ceit.aut.ac.ir/~keyvanrad/download/ML932/ML_3(Classification and Linear Classifiers).pptx

(C> L fb‘
v.xJ\ \j.\.q.. pE ‘('.D\J& il V.au o FD\J‘ L zl= u‘
P SES LsLébuwu )| Lo.w )| PO 30 LSLQW‘B" P
i Jolo g dims oni ol 3 g «Cemaloks
The fact that people need you is one of the
blessings of Allah upon you. Therefore, do

not feel any grievance about it.
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