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Biologicky neurén

Jadro

Zakoncenia
Dendrity Neurit (Synapsie)



Schéema fungovania neuronu

Dendrity
\ Nervovy
Y Neurit
Nervovy Jadro _ vzruch
vzruch uréeny
B aktivitou
neuronu

Vstup Vypocet (Algoritmus) Vystup




Schéema programu

vstup algoritmus > vystup

Matematicka funkcia

X f(x) ¥y




Ako simulovat nas mozog?

 Algoritmy - deterministicky model - presny postup
* Umely neuron - stochasticky model - ucenie sa
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Co sa s tym da eSte robit?

* Rozoznavanie vzorov - tvari, znakov (OCR)

* Predpovedanie buducich javov - pocasie, burza

* Ovladanie - roboty, samoriadiace auta

* Senzory - vytvorenie nadhladu z mnozstva dat

» Detekcia anomalii - doprava, spankova rutina pacienta

* UrcCenie diagnozy (v buducnosti)



Psychological Review
Vol. 65, No. 6, 1958

THE PERCEPTRON: A PROBABILISTIC MODEL FOR
INFORMATION STORAGE AND ORGANIZATION
IN THE BRAIN?!
F. ROSENBLATT

Cornell Aeronautical Laboratory

If we are eventually to understand
the capability of higher organisms for
perceptual recognition, generalization,
recall, and thinking, we must first
have answers to three fundamental
questions:

1. How is information about the
physical world sensed, or detected, by
the biological system?

2. In what form is
stored, or remembered ?

3. How does information contained
in storage, or in memory, influence
recognition and behavior?

information

The first of these questions is in the
province of sensory physiology, and is
the only one for which appreciable
understanding has been achieved.
This article will be concerned pri-
marily with the second and third
questions, which are still subject to a
vast amount of speculation, and where
the few relevant facts currently sup-
plied by neurophysiology have not yet
been integrated into an acceptable
theory.

With regard to the second question,
two alternative positions have been
maintained. The first suggests that
storage of sensory information is in
the form of coded representations or
imaces. with some sort of one-to-one

and the stored pattern. According to
this hypothesis, if one understood the
code or “‘wiring diagram’’ of the nerv-
ous system, one should, in principle,
be able to discover exactly what an
organism remembers by reconstruct-
ing the original sensory patterns from
the ““memory traces’ which they have
left, much as we might develop a
photographic negative, or translate
the pattern of electrical charges in the
“memory’” of a digital computer.
This hypothesis is appealing in its
simplicity and ready intelligibility,
and a large family of theoretical brain
models has been developed around the
idea of a coded, representational mem-
ory (2,3,9,14). The alternative ap-
proach, which stems from the tradi-
tion of British empiricism, hazards the
guess that the images of stimuli may
never really be recorded at all, and
that the central nervous system
simply acts as an intricate switching
network, where retention takes the
form of new connections, or pathways,
between centers of activity. Inmany
of the more recent developments of
this position (Hebb's “cell assembly,”
and Hull’s “cortical anticipatory goal
response,” for example) the ‘‘re-
sponses’” which are associated to
stimuli may be entirely contained
within the CNS iteself. In this case



Perceptron

Vstupy Vahy Vypocet
aktivacie

Percew

b Bias

Aktivacia umelého neurdonu
0= (x1 -wi+x2 w2)+b

Vystup



Priklad - linearny klasifikator

- (X.Y)

S| input * we\g“

output
Q > guess??

Perceptron

bias = 1



Popis Cinnosti >Q

1. Prijatie vstupov 7 = 24

Y =0
2. Pridaj vahy
- na zacCiatku su nahodne na konci Wz ] 0.5
optimalne pre riedenie problému ¥~
I Wk 24 05N
Y- wy =>5-(-1)=-5
3. SCitaj vstupy Sum = 12+ (=5) = T
4. Vytvor vystup pomocou
aktivacnej funkcie

znamienko(x) : x > 0=> +1
T (0 =>



Typy strojového ucenia

* UcCenie s ucCitelom (Supervised)
* UcCenie bez ucitela (Unsupervised)

* UCenie so spatnou vazbou (Reinforcement)



Ucenie s ucitelom v nasom priklade

PouZijeme ucenie s ucitelom
* Vytvorime testovaciu sadu bodov

* Upravime vahy postupne

chyba = (ziadany vystup) - (tip perceptroéna)

nova vaha = (vdha teraz) + (zmena vahy)

zmena vahy = chyba * vstup

NOVA VAHA = VAHA + CHYBA * VSTUP * RYCHLOST UCENIA



Ako to vyzera?

,Univerzalny funkcny aproximator*

Rychlost ucenia: 0.00001

Rychlost ucenia: 0.0001




Kod alebo ako je to v praxi

import random

class Perceptron:
def __init__(self, n, c¢): # 1. NacCitaj nahodné vahy
self.weights = [random.uniform(-1, 1) for i in range(n)]
self.learn_rate = c

def activate(self, suma): # znamienko
if suma >= 0:
return 1
else:
return -1

def feedforward(self, inputs):

suma = 0@
for i in range(len(self.weights)):

suma += inputs[i] * self.weights[i] # 2. Vazeny sucet
return self.activate(suma) # 3. Aktivacna funkcia

def train(self, inputs, desired):
guess = self.feedforward(inputs)
error = desired - guess
for i in range(len(self.weights)): # 4. Uprav vahy
self.weights[i] += error * inputs[i] * self.learn_rate



Kedy perceptron nestaci:

* RieSi len linearne rozdelitelné skupiny (1 priamka)
* XOR je neriesitelné!
Marvin Minsky, Seymour Papert; Perceptons (1969)

T F OR T F XOR



Spajanie do
neurénovych

sieti

A mostly complete chart of
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Generative Adversarial Network (GAN) Liquid State Machine (LSM)  Extreme Learning Machine (ELM) Echo State Network (ESN)

3

Deep Residual Network (DRN) Kohonen Network (KN)  Support Vector Machine (SVM)  Neural Turing Machine (NTM)




RieSenie problemu XOR

XOR Gate
OR gate

output

Exclusive-OR equivalent circuit

NOT AND gate
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Spojenia medzi vrstvami
Vstupy Vahy Perceptrony Vystupy

w11 W12 W13 L1 b1
y=o0| [wa1 w22 w23| |T2| + |b2

W31 W3, W3,3] (L3 b3




MNIST Samples

Klasifikacia Cisel z rukopisu
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., Databaza MNIST:
, * 28 x 28 =764 vektor

Input layer

Ako funkcia:

* Vstupy: 784 pixelov

* Prepojenia: 11925
vah a biasov

* Vystup: 10
pravdepodobnosti
(0.0-1.0)

(T84 newrons)




Ucenie neuronovych sieti

» Gradient descent a Backpropagation
* Optimalizacia - hladanie najlepsieho lokalneho minima funkcie

|

Gradient Descent

Big learning rate Small learning rate




Hladanie v n-rozmernom priestore
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Batch Gradient Descent Stochastic Gradient Descent



But wait, there is more. ...

THE NATURE OF CODE

DANIEL SHIFFMAN

WeLCOME

Pt mun; Chapter 10. Neural Networks

Online knihy
k http://neuralnetworksanddeeplearning.com/

1VECTORS :
2.FORCES — Charlie Sheen

3.0SCILLATION ° .
4 PARTICLE SYSTEMS We're at the end of our story. This is the last official chapter of this book tt //WWW e e e a r l l I l l O O O r /
S e (though I envision additional supplemental material for the website and perhaps . . .
6. AUTONOMOUS AGENTS

new chapters in the future). We began with inanimate objects living in a world
of forces and gave those objects desires, autonomy, and the ability to take action

7.CELLULAR AUTOMATA

s.FRACTALS
s.THEEVOLUTIONOFcope according to a system of rules. Next, we allowed those objects to live in a

10, NEURAL NETWORKS population and evolve over time. Now we ask: What is each object’s decision-
FURTHER READING making process? How can it adjust its choices by learning over time? Can a
noe computational entity process its environment and generate a decision?

The human brain can be described as a biological neural network—an
interconnected web of neurons transmitting elaborate patterns of electrical
signals. Dendrites receive input signals and, based on those inputs, fire an
output signal via an axon. Or something like that. How the human brain actually
works is an elaborate and complex mystery, one that we certainly are not going
to attempt to tackle in rigorous detail in this chapter.

root:-sSiraj Ravalll
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