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Perceptron/Linear Threshold Unit

e Rosenblatt (1957) Weights Output Unit

Input Units |——=—

Activation Threshold
or Bias

(+1if wex> o
h(X;w, o) =+ : X—0)
—1else

Activation Function
sign(x)=+1if x>0, -1 else




Parameters of the Perceptron

+lifwex>o .
h(X;w) =+ = sign(WeX — o)
—1else

Parameters of the perceptron
to be estimated from data



Evaluation Phase

e Given (W, o), classify an example X

e w=(1,2) 0=0.5
0 0 1
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Geometry of the Perceptron

* A perceptron’s separating surface defines a

hyperplane in feature space
WeX = O

“Decision Boundary” or
“Separating Surface”



Training Phase

e Given Data:

* Find (W, o) so that the resulting perceptron
matches y
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Loss Functions

e We will define a function called a “loss
function” ~
L(y,Yy;w,0)

e This function will measure the difference
between our current estimates of y (y) and the
true y (which is known), over all training
examples, with respect to (W, o)

 Then our goal will be to minimize the loss
function with respect to (W, o)



Training Phase

e Given a training sample and their class labels

( _ A
Xll tec Xln l yl
D = . . : : Add “dummy” column
for o, allows o to be
. o _ treated same asw
\Xml Xn 1 ym)

 Find parameters

w = (W, o)

e To minimize “loss” L(Y,Y; W)«

A function that measures
the difference between
the actual labels y and
the predicted labels Y in
terms of w




Loss function

* Define loss function to be “squared loss”

L(y,y;w) =%_Zm)(yi -V.)’ =%Zm:(yi —sign(wex;))*

* Notice that sign(1)=1 and sign(—1)= —1, so if we can
get W-X to equal Y we can drop the sign function

— This is much easier to deal with

L(y,y;w) = %Zm: (y; _W’Xi)2



Iterative parameter update

L(y,y;w) = %Zm: (Y, _W’Xi)2

e Calculate gradient with respect to parameters w:

oL m 8(yi _ZWinj) m
% = izﬂ:(yi —WeX; ) - :iZ:l:(yi _W'Xi)(_xij)

J J

Learning rate

d !_ stef)rsize
W <— W — n d_
W

e Parameter Update:




Implementation

Initialize parameters to small values in (-1,1)
Loop through all examples, calculating

m

gradient and adding up %:;(yi —wex,) (=, )

J

dL

Perform weight update W < W—nd—w

Until the max gradient is close to zero (say, 1le-
4)



Convergence

e This is an application of gradient descent

* Notice that this loss function is everywhere
differentiable and bounded below

— A well defined (unique!) minimum exists for any D
— This iterative procedure will find it

e But loss will not go to zero unless problem is
separable by linear decision boundary (“linear
separability”)



Training Phase

e Given Data:
0 0 -1 1

0 1 1 1

 Start with (w=0, 0=-1)
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Perceptrons can do logic!

e Conjunctions
XA Xy AXg &Y

ToX; +1eX, +1eX, > 2.5
e At least m-of-n
(X AX) V(X AX) V(X AX) =Y
JoX, +1eX, +1eX, 21.5



Things that can’t be learned

e Complex disjunctions

(G AX) V(X AX) <Y

e Exclusive-OR

(X A=X) V(=X AX,) S Y



XOR and the Perceptron

X2 RO
F F F
+ 1 — T F T
F T T
T T F
X
—1 1 .
- — 1 +

How to fix this?
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ldea

e So far, single “neuron”
e Let’s connect them into a network

X1, X5

are +/-1

“Hidden Units”




“Feedforward” Network Topology

HiddenlLayers

Output

Layer

Input
Layer

Information Artificial Neural Network (ANN)/
flow Multi-layer Perceptron (MLP)




Representation Ability

 Every Boolean function can be represented by a
network with one hidden layer of units (Minsky
and Papert)

 Every bounded continuous function can be
represented by a network with one hidden layer
(Cybenko et al)

e Every function on R" can be represented by a
network with two hidden layers! (Cybenko et al)

— (with arbitrary numbers of hidden units)



Tradeoffs

e Very large number of degrees of freedom
— Network topology

* Number of layers, number of hidden units in each layer,
edge configuration, even different activation functions

— Network parameter values
e Power comes at a price

— Very very easy to “fit the noise”
— Very long time and large samples required to train



Evaluation Phase

 Given an example, propagate it forward
through the network, layer by layer, till output
Is reached



Training Phase

e As before, given a training sample and their class
labels

(Xll o Xy 1 yl\
D=| : S
kxml an 1 ym)
 Find parameters W

* To minimize “loss” L(y,§/;W)



Hidden Layer Activation Function

* For a perceptron, we used a sign() function as
an activation function

e This function is problematic for optimization
because it isn’t differentiable

— For perceptron this was OK, we were able to relax
the formulation and handle this

— But for a general ANN we need a smooth
activation function



Sigmoid Activation Function

h(X;w, o) =sign(WeX — o)

h(x;w,o) =(1+e ")
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Backpropagation




Backpropagation

 Feed the examples forward through the network,
observe the output and calculate the loss

e Perform “layer-wise” gradient descent on the loss
function with respect to each weight, starting
with output layer

— For each weight in each layer, calculate its
contribution to the overall loss using the derivative

— Update the weight in the negative gradient direction



Evaluation Methodology



Issue

 We use learning algorithm A to produce a
classifier for a binary classification task.

— How do we know if the classifier is any good?



Goal

 Want a reliable measure of expected future

performance of a learning algorithm on some
learning problem

e How to measure future performance?



ldea

e Use separate sets of examples for training and
evaluation

The examples for evaluation will be new to the
learned classifier

— Proxy for “future examples”

e |deally, do this lots of times to get reliable
estimates



Test

Test Set 1

Test Set 2

Train set 1 Classifier 1
Train set 2 Algorithm Classifier 2

°

°

°

) Learning o
Train set n Algorithm Classifier n
4/4/2012

Test Set n
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Performance
Measure 1

Performance
Measure 2

Performance
Measure n

/

Average
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N-fold cross validation

 Generally, examples are limited

 For proper learning, need training sets to be
as large as possible

 For good estimates of future performance,
need a number of independent test sets

e |dea: partition the available examples into
“folds”



n-fold cross validation (n=5)

A

Test
/Fold 5

Fold 1

Fold 2

Fold 3

Learning

Fold 1

Fold 4

Fold 2

Fold 1

Fold 2

Fold 3

Fold 3

Classifier 1

Algorithm

|

Learning

Fold 5

Fold 4

Fold 5

Eold 2

Fold 3

Fold 4

Classifier 2

Test

Fold 4

Algorithm

Independent
test sets

Learning

Fold 5

Classifier 5

Algorithm

Test

Fold 1

—

Vi

Performance
Measure 1

Performance
Measure 2

Performance
Measure 5

7

Average



Metrics for Classification



Contingency Table

Class according to Learned Classifier

(Predicted Answer)

Positive

Negative

Class according to Target Concept
(Correct Answer)

Positive Negative
True Positives False Positives
(TP) (FP)
(Type | error)
False Negatives True Negatives
(FN) (TN)

(Type Il error)




Example

Does Learned Classifier
predict patient has disease?

Positive
(Disease)

Negative

Does patient have disease?

Positive (Disease)

Negative

Patient has disease
Classifier predicts patient
has disease

Patient has disease
Classifier predicts patient
does not have disease

Patient does not have
disease
Classifier predicts patient
has disease

Patient does not have
disease
Classifier predicts patient
does not have disease




Accuracy

e Most commonly used measure for comparing
classification algorithms

TP +TN

Accuracy =
TP+TN +FP + FN




Weaknesses of Accuracy

* Does not account for:
— Skewed class distributions
— Differential misclassification costs
— Confidence estimates from learning algorithms



Weighted Accuracy

e Corrects for skewed class distributions

( )
WACC — 1( TP : TN
2\ Allpos Allneg

1 TP TN
2\TP+FN TN +FP




Summary

Perceptrons and ANNSs
Overfitting
Restriction and preference biases

Evaluation of algorithms
— Contingency Table
— Accuracy, weighted accuracy
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