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© Mathematical model of neurons
© Perceptron

e 3-layer perceptron
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Introduction: Neurons and Brains

Introduction: Neurons and Brains

o Neural networks (#4#%[E]&#8)

o Generate collective responses to stimuli (RI#).

@ Single cell organisms (BEHHRZE)

o Lacks neurons
o Respond to external stimuli.

e Plants (1%))

o Lacks neurons

@ Multi-cell animals (Z#F2ENH)
o Neurons through cell differentiation (fHB24%3t)
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Introduction: Neurons and Brains

Neural systems in multi-cell animals

o Poriferan (/B#8EI%) and Placozoa (FiREN)

o Lacks neurons
o Minimum cell differentiation
@ Animals with scattered neural systems (BX7EfBIZR)

o Neural network on body surface
o Not posses a central neural system (FRR$#H#E)
o Coelenterate (FERREIM): jellyfish (< 51F), coral (FA L) etc.
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Introduction: Neurons and Brains

Animals with cage-shaped neural system (H*C &Y

HIERZ D OE)

o Ganglion (##&H0) as a center of neural system at head

@ Cage-shaped neural network on body surface

e Flatworm (RAZEIH): Planaria (737 1) 77) etc.
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Introduction: Neurons and Brains

—

Animals with ladder-shaped neural system (I&L C

BHERZH28HY)

@ Brains evolved through ganglion at heads

o Central neural system at abdomens (ST

e Ganglions at each somites ({&)

Arthropod (EREENYD): insects (BH) etc.
Annelid (BRAZEI4): earthworm (= = X) etc.
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Introduction: Neurons and Brains

Animals with tubular neural system (‘BAF#ER

=H2)

@ Brains evolved through ganglion at heads

@ Central neural system at body center
o Chordate (B3RENH)
o Vertebrate (BHEENYD)
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Introduction: Neurons and Brains

Neurons (##Z#HAd)

BRER

Dentrites

@ Receive pulses from other
neurons through synapses
@ Electric pulses using ions

WRE
Axon Hillock

Synaptic Buttons

@ Coding scheme are not clearly
understood

@ Two states: fire and rest e

@ Neuron fires if pulses from
other neurons exceed some
threshold
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Introduction: Neurons and Brains

e Soma (#HRa{E)

o Keep living activities such as normal cells
o Dendrite (BHAZERE)

e Receive pulses from other neurons

o Axon (EH3R)

e Send pulses to other neurons
e Tip divided into 10,000 synaptic buttons for human neurons

@ Cell division almost finished during early childhood

@ Body cells keep dividing lifelong

EFMEES S 20— 1 85 9/37



Introduction: Neurons and Brains

Synapse

Axon

transmitters

pre-synapitc membrane receptors

post-synaptic membrane
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Mathematical model of neurons

McCulloch-Pitts model

Stimuli for neuron j from neurons ¢

Tj=¢ (Z WjiT; — hj) (2.1)

x;: output from neuron i

wj;: synaptic connection

h; : threshold

¢ : response function, usually has a sigmoidal shape
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Mathematical model of neurons

McCulloch-Pitts neuron as a logical gate

NOT
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e Encode {T,F} by {1, -1}
@ Threshold values are shown

as numerical values in nodes

@ Assume step response
functions.
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Mathematical model of neurons
logic gates

@ Step function

1 x>0
O(x) = - 2.2
(@) {—1 x <0 (22)
e NOT
-1 z=
0(—x—0) = 2.3
(=2 -0) {1 T 23)
@ AND
1 1 r=1y=1
0 —=] = 2.4
(x—l—y 2) {—1 otherwise (24)
e OR
-1 2=0,y=0

H(x—I—y—l):{

1 otherwise
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Mathematical model of neurons

Classes in model package

@ Neuron Class

o Constructor with weight and response function
e response() with input

@ McCullochPitts class
e Show response of AND, OR, and NOT gates.

@ CorrectResponse class

@ AbstractMultilayer class

EFIMEL S S aL—0 a8 14/37



Perceptron

Perceptron : Rosenblatt (1966)

Learning and recognition by neural networks

sensory association response

units units unit
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Perceptron

Two-layer perceptron

sensory response
units unit
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Perceptron

Two-layer perceptron

@ Response unit receives {a;} from sensory units
@ Response unit outputs 7

n==~0 (Z fjaj) (3.1)

@ &;: weight for input
@ The threshold is placed as the last element of the weight. And
the last element of input is constant.

e 0 : Step function

(3.2)
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Perceptron

Linearly Separability

o Consider a input space spanned by @
@ Divide the space by a hyper space normal to the weight vector 5

(3.3)
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Perceptron

Learning by error-correction

s E+ca ifn=—lforaext (3.4)

g—>g—c&’ ifn=1forade X" '

e Correct reusponce 7corerct
1 dext
correct — 3.5
feorrect {—1 iey (3:5)
— — C 5

f — 5 - 5 (77 - ncorrect) a (36)
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Perceptron

Example: Perceptron learning NOT gate

ap={-1,1}
zo = 0(>_,; woia;)

QIC%/Q—'
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Perceptron

Example: Perceptron learning AND and OR gates

ap={—1,1}
ap ={-1,1} zo = 0(3_,; woia:)
N
az = {1}
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Perceptron

Classes in twoLayer package

@ TwoLayer class: general two layer mode
@ LearninglogicGate class: general learning model

@ LearningAndGate, Learning0OrGate, and LearningNotGate
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Perceptron

Experiments

Q & : Correct answers

© & : Initial random vectors

© At each learning step 1-0/
@ learning 0.5
@ normalize vector —— AND
- _ & & E 00 — OR
@ evaluation: m=¢&y- € NOT
0.5
) 200 400 600
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3-layer perceptron
3-layer perceptron

sensory association response
units units unit

EFIMEL S S aL—0 a8 24/37



3-layer perceptron

3-layer perceptron

@ Outputs from sensory units: {a;}

@ Outputs from association units: {z;}

€Tr; = f (Z wijaj>

w;j: weight

@ Output from response unit: 7

(g

Sk: weight
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(4.1)

(4.2)
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3-layer perceptron

Example XOR

Note that XOR is not liniearly separable

p q|pXORgq ‘

0 0 0

0 1 1 O x
1 0 1

1 1] o0 < O
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3-layer perceptron
Example: XOR logical circuit

?
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3-layer perceptron
Implement as 3-layer perceptron of XOR
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3-layer perceptron

Example: XOR logical circuit: another version

p
)
= —
4 )
il
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3-layer perceptron
Real implementation

ap = {—1,1} zo = f(22; woia;)

ay = {—1,1 .

x = f(D; wiiai)

GQZ]_

1'2:1
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3-layer perceptron

Back propagation method

@ Minimize square error

1

E= 5 (77 - ncorrect)Z (43)

e Continuous output from any elements

= f (Z wijaj> (4.4)
n=g <Z skxk> (4.5)
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3-layer perceptron

Update weights in response unit

oFE
8_8].3 - (77 - ncorrect) g/ (Z ijj) T
J

= ray, (4.6)

Sk — S, — Cruy (4.7)

EFIMMLES S aL—> 3 U5EH 32/37



3-layer perceptron

Update weights in association unit

OF , /
awij = (77 - ncorrect) g (; Sk]?k) Sif <; wng) a;

ri=rsif (Z wz-g> (4.9)

3
Il

Wi — Wij — C?ziCLj (410)

@ Errors seem to propagate backwardly from the response unit to
the association units
@ Updates possibly be trapped at local minima
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3-layer perceptron

Simulation setups

@ Response function

f(z) = g(x) = tanh (ax)

e random initial value:{w;; }« {si}

o Observe error at every step

E = 411 Z Z 77 ncorrect)2

ao={—-1,1} a1={— 11}
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(4.11)

(4.12)
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3-layer perceptron

Learning XOR (a=1,¢c=0.1)

0.8

0.6

0.4

0.21

0.0, 200 400 600 800 1000
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3-layer perceptron

Responce of output unit

p q| o
1 -1 -1
1 1-094
1 -1 -0.94
1 11 098

Output unit works like AND gate.
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3-layer perceptron

Responces of associative units

P q 01 02
-1 -1/-0.92 1
-1 1085 | 0.84
1 -1|086 | 0.85
1 1 1 -0.92

The 1st unit works like p V ¢. and 2nd one —p V —gq.
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