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Brain vs Computer
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Biological Neuron

1.4 x 1011 Cell body

(the cell’s life
support center)

Structure
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Biological Neural Network

. Principal of neuron : collection, processing, dissemination

of electrical signals
. Information processing capacity of brain : from network of

the neurons



Information flow through neurons
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Mathematical Model of Neuron

+ McCulloch & Pitts (1943)

X4

Input signal X2

Output signal Y = f(z'xi X Wi)
i=1
y

X W, W= synapses

f = activation function

* Input signal can be considered as dendrites in the
biological neuron

e Qutput signal can be considered as axon in the biological
neuron



Components of a neuron

* Synapse
« Calculator of weighted input signals
» Activation Function

y=f Exixwi




Activation Function

1. Threshold function (Heaviside function)

1 if v>0
f(v)=-

0O if v=0

« used by McCulloch & Pitts

 all-or-none characteristic



Activation Function

2. Piecewise-linear function
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Activation Function

1

e

f(X) =
1+
c=4

3. Sigmoid function




How to calculate
neuron’s output (without bias) ?

m O f(v) =0

: 0.5

v=0x0.5+1%x(-0.5)=-0.5

Heaviside Activation Functiop

1 i v>0

fv)=+#
&O if v!O



How to calculate
neuron’s output (with bias)?

y=(0"05+1" (10.5)! (10.7)=0.2

Heaviside Activation Function

f(v)=+

I if v>0

0 if v=0



Artificial Neural Network

. Architecture : how the neurons are connected each
other

1. Feed-forward network %
v |
2. Recurrent networks %

. Learning Algorithm: how the network are trained to fit
an input-output mapping/function
LMS, Delta rule, Backpropagation, etc.
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Figure 4.8 lllustration of the Mark 1 perceptron hardware. The photograph on the left shows how the inputs
were obtained using a simple camera system in which an input scene, in this case a printed character, was
illuminated by powerful lights, and an image focussed onto a 20 x 20 array of cadmium sulphide photocells,
giving a primitive 400 pixel image. The perceptron also had a patch board, shown in the middle photograph,
which allowed different configurations of input features to be tried. Often these were wired up at random to
demonstrate the ability of the perceptron to learn without the need for precise wiring, in contrast to a modern
digital computer. The photograph on the right shows one of the racks of adaptive weights. Each weight was
implemented using a rotary variable resistor, also called a potentiometer, driven by an electric motor thereby
allowing the value of the weight to be adjusted automatically by the learning algorithm.

Cristopher M. Bishop: Pattern Recognition & Machine Learning,
Springer, 2006, p.196












Perceptron Learning

(taking of AND function as example)
V= xl N\ xz

Xq Xy Y
0 0 0
0 1 0




Perceptron Learning

(taking of AND function as example)

Training set: 4 examples, each consists of 2
dimensional vector

0 0 1 ]|
(o0 10 (00 ]

teaching signal (desired output)



O

Input : X Output

Learn by adjusting weights to reduce error on training set.
The square error for an example with input X and true

output (teaching signal) y is

1, 1,
£ = 2B’ =~ (y-h, (%)



Gradient Descent Optimization

W(t+1) — W(t) " A E(W(t))



Weight Update rule

Perform optimization search by gradient descent:

JE Err! JEm
)W, |
n 0)
= Err! )—éty g ijjﬁg
)W, & o
= " Err! g'(in)! X
ln=2VV]xJ
Simple weight update rule: J=

W, " W, +#! Err! g'(in)! x,




What if we use Sigmoid

functionas g ?
1

d g(X):1+e!X1 )
ag(x) = —(1+e_x)2d(1+€ )
1 x
B _(1+e‘x)2x(_e )
— e_x
- (1+e™*)
1 e

= X

l+e™ 1+e”
¢(x)x(1-g(x))



Weight Update rule

(using Sigmoid as Activation Function)
Perform optimization search by gradient descent:

JE Err! JEm
)W, J_
n 0)
= Err! )—éty g ijjﬁg
)W, & o
= " Err! g'(in)! X
zn=2W]xJ
Simple weight update rule: J=

w.# W.+8! Err! g(in)(1" g(in))! x,




Perceptron Learning Algorithm

AIMA, p.742



Perceptron Learning Algorithm

For (e=1;e<n;e++)

Input : X[e] O ' \
Output ciulatlonl.n - Zijj[e]
j=

g(in)

Error calculation

Weight update I Err" yle]! g(in)
w." W, +#! Err! g'(in)! x [e]



AND function using Perceptron

y = xl N\ x2
Xq Xy Y 1.0
0 0 0
1.0
0 1 0
1 0 0
1 1 1 Heaviside Activation Function




OR function using Perceptron

y=x"! X
Xy X

0 0)

0 1

1 0

1 1

Heaviside Activation Function



Problem appears when perceptron
is used to learn NON-linear function

— e Result of XOR

output

0.25
0.62
0.42
0.53

MSE
——_0 O R
—_ 0 = O |

50 100
iteration



Class =0

Class=1




Non linear mapping can be realized by inserting
a hidden layer. But the learning algorithm is not
known until 1986.



----------

Marvin Minsky Seymour Papert

(Cognitive Scientist) ( MIT mathematician)
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David E.Rumelhart:
A Scientific Biography _
http://www.cnbc.cmu.edu/derprize/

1986, Chap.8, pp.318-362, Learning .
Internal Representations by Error propagation



CHAPTER 8

Learning Internal Representations
by Error Propagation

D. E. RUMELHART, G. E. HINTON, and R. J. WILLIAMS

THE PROBLEM

We now have a rather good understanding of simple two-layer associ-
ative networks in which a set of input patterns arriving at an input layer
are mapped directly to a set of output patterns at an output layer. Such
networks have no hidden units. They involve only imput and output
units. In these cases there is no internal representation. The coding pro-
vided by the external world must suffice. These networks have proved
useful in a wide variety of applications (cf. Chapters 2, 17, and 18).
Perhaps the essential character of such networks is that they map simi-
lar input patterns to similar output patterns. This is what allows these
networks to make reasonable generalizations and perform reasonably on
patterns that have never before been presented. The similarity of pat-
terns in a PDP system is determined by their overlap. The overlap in
such networks is determined outside the learning system itself—by
whatever produces the patterns.

The constraint that similar input patterns lead to similar outputs can
lead to an inability of the system to learn certain mappings from input
to output. Whenever the representation provided by the outside world
is such that (he similarity structure of the input and output patterns are
very different, a network without internal representations (i.e., a

8. LEARNING INTERNAL REPRESENTATIONS 319

network without hidden units) will be unable to perform the necessary
mappings. A classic example of this case is the exclusive-or (XOR)
problem illustrated in Table 1. Here we see that those patterns which
overlap least are supposed to generate identical output values. This
problem and many others like it cannot be performed by networks
without hidden units with which to create their own internal representa-
tions of the input patterns. It is interesting to note that had the input
patterns contained a third input taking the value 1 whenever the first
two have value 1 as shown in Table 2, a two-layer system would be able
to solve the problem.

Minsky and Papert (1969) have provided a very careful analysis of
conditions under which such systems are capable of carrying out the
required mappings. They show that in a large number of interesting
cases, networks of this kind are incapable of solving the problems. On
the other hand, as Minsky and Papert also pointed out, if there is a
layer of simple perceptron-like hidden units, as shown in Figure 1, with
which the original input pattern can be augmented, there is always a
recoding (i.c., an internal representation) of the input patterns in the
hidden units in which the similarity of the patterns among the hidden
units can support any required mapping from the input to the output
units. Thus, if we have the right connections from the input units to a
large enough set of hidden units, we can always find a representation
that will perform any mapping from input to output through these hid-
den units. In the case of the XOR problem, the addition of a feature
that detects the conjunction of the input units changes the similarity

TABLE |
Input Patterns Output Patterns
00 - 0
01 - |
10 - 1
11 - 0
TABLE 2
Input Patterns Output Patterns
000 - 0
010 e 1
100 - 1
1 - 0




Backpropagation Learning

1. Input a datum from training set to the Input
Layer, and calculate the output of each neuron
iIn Hidden and Output Layer

| == Forward pass

Input layer Hidden layer Output layer

—0

X

Input data




Backpropagation Learning

2. Calculate the Error, that is the difference (A)
between the output of neuron in output layer
with the desired value (teaching signal)

Input layer Hidden layer §5utput layer Teachin.g',.signal

Input data



Backpropagation Learning

2. Calculate the Error, that is the difference (A)
between the output of neuron in output layer
with the desired value (teaching signal)

Input layer Hidden layer A Output layer
>O Output value : 0.5
B Output value : 0.3
C

Output value : 0.1

Input data :
an image of “B”



Backpropagation Learning

2. Calculate the Error, that is the difference (A)
between the output of neuron in output layer
with the desired value (teaching signal)

Input layer Hidden layer A Output layer
>O Output value : 0.5
B Output value : 0.3
C

Output value : 0.1

Input data :
an image of “B”



Backpropagation Learning

2. Calculate the Error, that is the difference (A)
between the output of neuron in output layer
with the desired value (teaching signal)

Input layer Hidden layer A §5utput layer Teachin.g',.signal
58— 05«—0 :
B 03 «— 1
0.1<——0
Input data :

an image of “B” e -



Backpropagation Learning

2. Calculate the Error, that is the difference (A)
between the output of neuron in output layer
with the desired value (teaching signal)

Input layer Hidden layer A Output layer
,O A =0-0.5
B A=1-03
A =0-0.1
Input data :

an image of “B”



Backpropagation Learning

3. Using the A value, update the weight between
Output-Hidden Layer, and Hidden-Input Layer

—_ | Backward pass
Input layer Hidden layer Output layer Teaching signal
8 P
X A <—

Input data A <—



Backpropagation Learning

4. Repeat step 1 to step 3, until stopping
criteria is satisfied.

Stopping Criteria:
- maximal epochs/iteration
- MSE (Mean Square Error)



|

BP for 3 layers MLP




Forward Pass (1)

Input layer-Hidden layer

Input layer Output layer
Hidden Layer

1

Hj:f(neg):1

| netj

net, = (9]. + iji[i
l

o
Vo A¥ /

bias




Forward Pass (2)

Hidden layer-Output layer

Input layer’ Output layer
Hidden Layer

1

Ok = f(netk) = —net,
l+e

net, =0, + » w,H
2




Backward Pass 1: Hidden-Output Layer

n

| Whew = Wyiq + AW,
Hidden layer-Output layer

Error (MSE:Mean Square Error
Input layer- Output layer ( q )

Hidden Layer
‘o elygeor

< signal ”k = (tk ! Ok)ok (1! Ok)

- Weight update

i J k %ij =%/ _#E =" H.

AW, / ’

Learning rate



Erroris givenby E = %Z(tk -Q,)°

Modification of weights between Output and Hidden Layer
due to the error E is calculated as follows:

OE
= -, -0
30, (t = O)
90, 1

= " =0,(1-0
onet, (1+e™"")’ ((1-00)

onet,

= [—[j
8w,g.



#E 1] 1 1 ] |
—#VV ="t " )01 Ok)Hj - '/kHj
K]

where “ =( ! O)O.(1! O)

Thus, the weight correction is obtained as follows

He
%’ij =%/ _#W =" H.

j
K]
! is the learning rate



Backward Pass 2: Input-Hidden Layer

Whey = Wog ! W3

n

Hidden layer-Input layer

Input layer Output layer
Hidden Layer :
A< Weight update

‘ A<— Teaching 0/EWji =$/ E =71" X
HW;
#=H 1" H)! w#

Kk



The weight correction between Hidden and Input layer are
determined using the similar way.

'lE _ , 'E !0, !net 'H; !net
lw;, « 1O 'net 'H, net !w;,
'H; net ,, IE 10, Inet

'net 'w; 'O 'net 'H.

'H, 1 " net,
J = " net. ze | = Hj(lII Hj)
I net (1+e )
!neg
!Wji - .
'E 1O, ., . " _ "
o et~ 70JWT0) = A
l net,

W..
IH. ‘

)



I
hence "= _ Hj(l—Hj)]iZ(_ék)ij

ow;
= —IZHJ.(I—H].)Z w0,

6,1,

0,X,

where éj =Hj(l_Hj)Zng'§k

The correction of weight vector is

#H .
T :$-/m_'/ i

ji




Momentum
Output-Hidden Layer

#w, (1) =/  H

J

"W, (t) =$%H  +# w, (t! 1)

Hidden-Input Layer
#Wji (t)=/1 i K

Add inertia to the motion
through weight space,
preventing the oscillation

w, () =no x; + alw . (t - 1)



Training Process: Forward Pass

1. Calculate the Output of Input Layer
[ =x,
2. Calculate the Output of Hidden Layer
1

I netj

netj=6?j+zwﬁ[i Hj = f(nei&):1

3. Calculate the Output of Output Layer

1

—net;

net, =0, + EijHj O, = f(net,) = 1
J



Training Process: Backward Pass

. Calculate the 9, of Output Layer
0, =0,(1-0,)(, -0,)
. Update the weight between Hidden & Output Layer

i Weitew) = Wejolay T AW

. Calculate the 5]- of Hidden layer
#=H L H)L w %

k
. Update the weight between Input & Hidden Layer

Joi(new) —



Implementation of Neural Network for
@ Handwriting Numeral Recognition System
in Facsimile Autodialing System

S Chsatthedaft

125—456—789(
Facsinile Fam

TOo M Tada

XXXXXXXXXX
KX XXX XXXXX]
KX XXX XX XXX
XX XXX XXXXX

HKavwgyin

(DOWite the dial nundoer
a thelhead of the facsimile deaft

Related Publication:
Hand-written Numeric Character Recognition for Facsimile Auto-dialing by Large Scale

Neural Network CombNET-II, Proc. of 4th.International Conference on Engineering
Applications of NeuralNetworks, pp.40-46, June 10-12,1998, Gibraltar




@ Automatic System for locating characters

Using Stroke Analysis Neural Network
« Application :
- Robot Eyes
- Support System for Visually Handicapped

Find the
text region

Character
recognition
‘ Camera Text to Speech
‘ | Input Image Synthesizer T>

Related Publication:

An algorithm for locating characters in color image using stroke analysis neural network,

Proc. of the 9th International Conference on Neural Information Processing (ICONIP’02),
Vol.4, pp.2132-2136, November 18-22, 2002, Singapore




Fog Forecasting by large scale
neural network CombNET-1I

Predicting fog event based on meteorological observation

The prediction was held every 30 minutes and the result was used to
support aircraft navigation

The number of fog events was very small compared to no fog events
which can be considered as a pattern classification problem involving
imbalanced training sets

Observation was held every 30 minutes, in Long.141.70 E, 42.77 Lat.,
25 m above sea level by Shin Chitose Meteorological Observatory
Station (Hokkaido Island, Japan)

Fog Event is defined for condition where

® Range of Visibility <1000 m

® Weather shows the appearance of the fog
Winner of the competition (1999)



Observed Information

No.| Meteorological Information J§ No.| Meteorological Information

1 | Year Weather

2 | Month Cloudiness (15 layer)

3 | Date Cloud Shape (1% layer)

4 | Time Cloud Height (15! layer)

5 | Atmospheric Pressure [hPA] Cloudiness (2% layer)

6 | Temperature [°C] Cloud Shape (2% layer)

7 | Dew Point Temperature [°C] Cloud Height (25! layer)

8 | Wind Direction [°] Cloudiness (35 layer)

9 | Wind Speed [m/s] Cloud Shape (3% layer)

10 | Max.Inst.Wind Speed [m/s] Cloud Height (3%t layer)

11 | Change of Wind (1) [°] Cloudiness (45 layer)

12 | Change of Wind (1) [°] Cloud Shape (4% layer)
Range of Visibility Cloud Height (4% layer)

Example :

1984 114.510080.0-7.02706—-1—-1—-199998502100425—-1—-1—-1—-1-1-1



Result of
1999 Fog Forecasting Contest

Problem:
given the complete observation data of 1984-1988, 1990-1994 for

designing the model, then predict the appearance of fog-event during
1989 and 1995

Proposed Method Fo.g Events (539 correct) Num. f)f false
Predictions | Correctly Pred. prediction.
CombNET-II 622 374 370
Probabilistic NN 169 127 445
Modified Counter
Propagation NN 208 178 734

This study won the first prize award in the 1999 Fog Forecasting Contest

sponsored by Neurocomputing Technical Group of IEICE-Japan



Achievements

This study won the first prize award in the 1999 Fog Forecasting Contest

sponsored by Neurocomputing Technical Group of IEICE-Japan

Related Publications:

1. A Solution for Imbalanced Training Sets Problem by CombNET-II
and Its Application on Fog Forecasting, IEICE Trans. on
Information & Systems, Vol.E85-D, No.7, pp.1165-1174,

July 2002

2. Mathematical perspective of CombNET and its application to
meteorological prediction, Special Issue of Meteorological Society
of Japan on Mathematical Perspective of Neural Network
and its Application to Meteorological Problem, Meteorological
Research Note, No.203, pp.77-107, October 2002




(4) NET Talk

http://www.cnl.salk.edu/ParalleINetsPronounce/index.php

« T.J. Sejnowski and C.R. Rosenberg : a parallel network that learns to
read aloud, Cognitive Science, 14:179-211, 1990. Simulation:
“Continuous Informal Speech” pp.194-203

« Network architecture: 203-120-26 (trained in 30,000 iterations)

Input Layer Output Layer

Text (1000 words) Hidden Layer

THE
OF
AND
TO
IN
...etc

Output:
phoneme (accuracy 98%)



(5) Handwriting Digit Recognition

http://lyann.lecun.com/exdb/mnist/

 MNIST database consists of 60,000 examples as training set, and
10,000 examples as testing set

« Linear Classifier: 8.4% error

« K-Nearest Neighbor Classifier, L3: 1.22% error
« SVM Gaussian kernel: 1.4%

« SVM deg.4 polynomial : 1.1% error

« 2 layer ANN with 800 hidden units: 0.9% error

« Currently (26 October 2009) the best accuracy is achieved using
Large Convolutional Network (0.39% error)
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Flow of an Al experiment

Training Set
Model fitting

applied to
" the real
world

Al model

Validation Set

Error estimation

h)

Generalization assessment
Of the final chosen model




How to make experiment
using ANN ?

Step 1
Prepare three data set which is independent each other:
Training Set, Validation Set and Testing Set.

Step 2
Train the neural network using initial parameter setting :

- stopping criteria (training is stopped if exceeded t
iteration OR MSE is lower than z)

- num. of hidden neuron
- learning rate
- momentum



How to make experiment
using ANN ?

Step 3

Evaluate the performance of the initial model by
measuring its accuracy to the validation set

Step 4

Change the parameter and repeat step 2 and step 3
until satisfied result achieved.

Step 5

Evaluate the performance of the neural network by
measuring its accuracy to the testing set



Performance Evaluation

* Training set:
« Validation set:

» Testing set:

Train

model fitting

estimation of prediction error for
model selection

assessment of generalization error
of the final chosen model

Validation
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Important & Useful References for Neural Network

Neural Networks for Pattern Recognition, Christopher M. Bishop, Oxford University
Press, 1995

Neural Network Comprehensive Foundation (2nd edition), Simon Haykin, Prentice
Hall, 1998

Pattern Classification, Richard O. Duda, Peter E. Hart, David G. Stork, John Wiley &
Sons Inc, 2000

Artificial Intelligence: A Modern Approach, Stuart J. Russell, Peter Norvig, Prentice
Hall, 2002

Introduction to Data Mining, Pang Ning Tan, Michael Steinbach, Vipin Kumar, Addison
Wesley, 2006

Data Mining: Practical Machine Learning Tools and Techniques (Second Edition), lan
H. Witten, Eibe Frank, Morgan Kaufmann, June 2005

FAQ Neural Network ftp://ftp.sas.com/pub/neural/FAQ.html
Backpropagator’s review http://www.dontveter.com/bpr/bpr.htmi

UCI Machine Learning Repository http://archive.ics.uci.edu/ml/index.html
WEKA: http://www.cs.waikato.ac.nz/~ml/weka/

Kangaroos and Training Neural Networks: http://www.sasenterpriseminer.com/
documents/Kangaroos%20and%20Training%20Neural%20Networks.txt



