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KDnuggets : Polls : Deployed data mining techniques

[ Poll

Which data mining techniques you used in a successfully deployed application?
[173 voters, 509 votes total]

Decision Trees/Rules (88) 17%
Logistic regression (74) D 15%
K-means clustering (54) L EEEA

Association rules (48)
SWM (33)

Other methods (29)
Self-organizing maps (24)
Other clustering (24)
Hybrid methods (20)
Maive Bayes (19)

Nearest Neighbor (17)
Genetic algorithms (16)
Fuzzy methods (11)
Bayes nets (6)

MNone (1)
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IntrO dllCtiOll & Conclusion

% Artificial neural networks
* Inspired by biological brains and neurons

% Studied since 1943 (McCulloch & Pitts neuron)

#* Perceptron (Rosenblatt, 1958): learning rule for the
computational neuron model
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IntrO dllCtiOll & Conclusion

#* History

#* Mathematical formulation of a biological neuron
(McCulloch & Pitts, 1943)

# Perceptron: a learning algorithm for the neuron model
(Rosenblatt, 1958)

* Adaline: a nicely differentiable neuron model
(Widrow & Hoff, 1960)

* Learning representations by back-propagating errors
(Werbos, Lecun, Rumelhart, Hinton, Williams, 1980s)

* Self-organizing map (Kohonen, 1984)
#* Convolutional neural networks (Hinton, LeCun, Bengio, 1995)
#* Support vector networks (Vapnik, 1995)
% Deep learning (Hinton, 2006)
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McCulloch & Pitts neuron

(A1
@ »[ Weighted \—» — binary signal
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McCulloch & Pitts neuron

# Neuron: basic computing unit
% n inputs, 1 threshold (0) and 1 output (0)
* Wi welights

* g: combination function

* f* activation function

u=g(x)= Ewixi +0
i=1

1

O = f(u) = Sigmoid function
l+e™"




McCulloch & Pitts neuron

X1 X2 Out
0 0 0
0 1 0
1 0 0
1 1 1
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McCulloch & Pitts neuron

X1 X2 Out
0) 0 0
0 1 1
1 0 1
1 1 1

w1 =1

¥ Introduction
) McCulloch & Pitts model
< Perceptron

) Conclusion

11



Content

% Introduction
% McCulloch & Pitts model
% Perceptron

% Conclusions



2 Introduction

) McCulloch & Pitts model
o Perceptron

Perceptron ® Conctsion

# Perceptron: 1 neuron
% Proposed by (Rosenblatt, 1958)
#* McCulloch & Pitts model
* Perceptron with threshold 6
% n mputs, 1 threshold & 1 output

% activation function: threshold function

u=g(x)= Ewl.xi +0
i=1

-

Il u=0
\O u<(

0= f(u)=-
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Perceptron ® Conctusion

# Perceptron with threshold 6
% threshold 0 is considered as w, associated with pseudo input x, =1

# (n+ 1) mputs and 1 output

u=gx)= ) wx,
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Perceptron ® Conctsion

#* Geometrical interpretation

% (Given vector X = (X, X», ..., X,), Perceptron computes the output
o which 1s 0 or 1 => binary classification

* Separating hyper-plane

Negative (-1)

Wy + WiXy + Wox; =0

n
[ oy .+ Positive (+1) l/l=g(X)=EWi.xi =O
i=0
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Perceptron

#* Learning algorithm
» Training dataset: {(x(, y), (x®, y®), ..., (xm, y(m)}

* Try to find weights w; so that the perceptron model predicts the
output o = y) of a example x® fori=1, 2, ..., m.

#* Geometrical interpretation

% Try to find a hyper-plane for separating examples so that each
class 1s one side of the hyper-plane.
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Perceptron ® Conctsion

# Input
% Training dataset: {(x(1, y(D), (x®, y@)), ..., (x™, ym)}
#* Learning rate n

# Learning algorithm for linear separation
* Randomly nitializing weights w;

* For each example (x, y), perceptron predicts the output o; of
the example x

if o; !=y" then updating w;
w,=w +n(y,-0,) x,,Vj=0.n

1?2
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Perceptron

#* Learning algorithm for linear non-separation
% Try to find a good separation hyper-plan as possible
#* Minimizing classification errors (loss)

#* LLoss function

Ew)=E LS ¥ —g(x ™))
(W) (Woa 1 52( —g&X )

# Try to find w which minimizes E
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Perceptron ® Concusion

#* Learning algorithm for linear non-separation
#* Gradient descent (standard)
* Randomly initializing weights w;

* Updating w;: «

oF l
wW.=w. —N—
J J
ij
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#* Learning algorithm for linear non-separation
#* Stochastic gradient descent
1. Randomly pick an example x) and update w,
wWw.=Ww.— 77 E
T Tow,
ok

a—wj _ _(y(i) _ g(x(i))).xﬁ.i)

2. Repeat step 1 until convergence
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Multi-layer perceptron ® Concusion

% Neural networks for non-
linear classification

* Layers are usually full
connected

% Number of hidden layers
tuned by hand

% Error back-propagation

#* Stochastic gradient descent

0 .
Oy T 031

= g .
: ) E 0 E
@/ \@ on

63N
Input (1)

Hidden layers

Pu Output
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Network structure
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Types of Exclusive-or Classes with B ion Shanes
Structure | pecision Regions Problem Meshed Regions 2 5
One Layer ;
/;)\\ Half-Plane
Two Layers
Typically
Convex
Three Layers
Arbitrary

Q.
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C OnCIUSiOHS ) Conclusions

% McCulloch & Pitts neuron model

#* Perceptron: single layer, multi-layer
# Stochastic gradient descent

% Error back-propagation

#* Applications: pattern recognition, text classification,
bioinformatics, natural language processing

% Deep learning: hot topic!
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