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Outline

Mesterséges neuron, mesterséges neutralis hald
El6recsatolt / rekurrens halozat
Aktivacios fliggvény

Vesztesegfiiggveny (hibafliggvény)
Neuralis halozatok tanitasa

(Stochastic) Gradient Descent (SGD)
Minibatch meret

Tanulasi rata (learning rate)
Hibavisszaterjesztés (backpropagation)
Tanito / validacios / teszt adatok
Kiertékelés: tanulasi és altalanositasi hiba
Regularizacio




Neural networks

Artificial neural networks are parametrized function classes:
fo: R" = R™
0 € RM is a real parameter vector

with a specific structure, its building blocks are artificial neurons:

xeR: weR beR c:R >R “yER
input % weights bias  activation function s output
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Neural networks

Artificial neural networks are parametrized function classes:
fo: R" = R™
0 € RM is a real parameter vector

with a specific structure, its building blocks are artificial neurons:
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example activation
o(x) = max(0, x)

xeR: weR beR c:R >R “yER
input % weights bias  activation function s output
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More examples of activation functions
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example activation
o(x) = max(0, x)
beR c:R->R yER
bias activation function = output



Neural networks

Artificial neural networks are parametrized function classes:
fo: R" = R™
0 € RM is a real parameter vector

with a specific structure, its building blocks are artificial neurons:

Cell body
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Neural networks

Artificial neural networks are parametrized function classes:
fo: R" = R™
0 € RM is a real parameter vector

with a specific structure, its building blocks are artificial neurons:
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example activation
o(x) = max(0, x)

xeR: weR beR c:R >R “yER
input % weights bias  activation function s output

v, Y
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These are our elements of computation.



‘-Ill-lIlllllIlllllIlllllllllllllIIIIIIIIIIIIIIIIIIIIII..
L 4
* .

an artificial neuron ’
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example activation
xeR: weR beR c:R >R “yER
input % weights bias  activation function s output
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z = 6(Wx+b)



: an artificial neuron

example activation

XER: weR beR c:R->R -yER
input % weights bias  activation function s output
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Z = 6(Wx+Db) Yy = c(Wy(--6(W,(6(Wx+b,))+b,))+b;)
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JoX) =frofi—1° e frefilx)
6 =(W,,b,,W,,b,,---,W,, b,) are the parameters.
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y = 6(W(--:6(W,(6(Wx+b))+b,))+b;)

JoX) =frofi—1° e frefilx)
6 =(W,,b,,W,,b,,---,W,, b,) are the parameters.

A general modelling tool.
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Approximation by Superpositions of a Sigmoidal Function*

G. Cybenkot

Abstract. In this paper we demonstrate that finite linear combinations of com-
positions of a fixed, univariate function and a set of affine functionals can uniformly
approximate any continuous function of n real variables with support in the unit
hypercube; only mild conditions are imposed on the univariate function. Our
results settle an open question about representability in the class of single hidden
layer neural networks. In particular, we show that arbitrary decision regions can
be arbitrarily well approximated by continuous feedforward neural networks with
only a single internal, hidden layer and any continuous sigmoidal nonlinearity. The
paper discusses approximation properties of other possible types of nonlinearities
that might be implemented by artificial neural networks.

Key words. Neural networks, Approximation, Completeness.
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And many more results regarding this line of research:
Hornik (’91), Leshno et al. (’93), Pinkus (’99), Lu et al. (’17), Hanin
and Shellke (’18), Kidger, Lyons (’20), and many more...



How do we make
‘Al’ from this?

Many things can be modelled by f, : R" — R"™ functions.

e.g., model images by pixel intensities
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How do we make
‘Al’ from this?

Many things can be modelled by f, : R" — R"™ functions.

e.g., model language by encoding words, letters
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How do artificial neural
networks learn?

 \We need a lots of examples of desired input-output pairs:
N
{gxi,yg}izl e R"x R"™
input  desired output (supervisory signal)

* We define a real-valued loss function which compares
the output of the neural network with the desired output:

L:R"XR"—-> R
e We start from a random €, and iteratively move it in the

direction that decreases the loss, calculating 2. )
for a random x (or random subset of the data): %

00— OL(fo(xy), ¥;) (1 € R)
00

Stochastic Gradient Descent (SGD)




Machine
learning

Machine learning behind the
scenes
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A gradient step
In the weight space

e Based on the entire dataset: Batch Gradient Descent
e Based on one random data point: Stochastic Gradient Descent

e Based on a bunch of random points: MiniBatch Gradient Descent

Too small minibatch -> slow, noisy training
Too large minibatch -> overly aggregated training signal





https://www.youtube.com/watch?v=IXxmG_FH2RQ
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FINDING A MINIMA BECOMES A “LOCAL" CHALLENGE

VISUALIZATION BY JAVIER IDEAMI / LOSSLANDSCAPE.COM




The InceptionV3 network
(Szegedy et al., 2016)

Input: 299x299x3, Output:8x8x2048

A

(

1

Final part:8x8x2048 -> 1001

Convolution Input: Output:
AvgPool 299x299x3 / 8x8x2048

MaxPool
Concat

Dropout

Fully connected

Softmax /

1100

Parameter count: 24M
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input e L. S Mo d output
K z € R4 J

y = 6(W(--:6(W,(6(Wx+b))+b,))+b;)

JoX) =fpefi_1° e frefilx)
6 = (W,,b,,W,.b,,---,W,,b,) are the parameters.
Inner representations: partial results of this function composition

e'g'! finner2(x) R — Rd
ﬁ'nneﬂ(x) :f2 ofl(x)



Lots of data,
lots of compute

CLIP was trained on 400 million (image, text) pairs.

32 epochs. (Each of the 400M pairs was shown this many
times to the network during training.)

Training took 18 days on 592 NVIDIA V100 GPUs.

That amount of computation would cost a few 100
thousand dollars on the market. (OpenAl can thank
Microsoft, though.)
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Summarising the magic
of deep learning

We have systems that are easy to define (matrix-vector products, vector
addition, max operation).

Scaled them to enormous sizes (millions or billions of parameters).

Collected a lot of data (e.g., entire Wikipedia, and HUGE internet crawls with text
and images).

Give these systems these highly non-linear optimisation problems.
Over a massively overparametrized class of functions.
All to be solved with the dead simple algorithm of Stochastic Gradient Descent.

Still, the “Star Wars” neuron emerges.



Backpropagation algorithm



Backpropagation algorithm

Chain rule done efficiently

(feg)(x) =f'(glc)) - g'(x)
(fogoh)(x)=f(g(h(x))) - g'(h(x)) - h'(x)

] 2 —>» P o Pa; 2 /> I —P o > ‘{JJ \ / n
29 2 —» 21y —» o P a E —> i —» 0 >, / \ Y2
L J L J
T T

Rétegq paraméterek: Rétego paraméterek:

4,b C.d




Backpropagation algorithm
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Backpropagation algorithm

A gradienseket a kimenettol visszafelé szamitjuk, a lancszaballyal.

z1=Ax+b
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Backpropagation algorithm

Kiszamoljuk a rejtett réteghez tartozé gradienseket.

z1=Ax+b

a1 =o(z) oL 0oL 0z Jda1 0z
2=Ca+d OA ~ 0z, Om 0z OA
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Backpropagation algorithm

1. A kimenettdl visszafelé haladva kiszdmoljuk a 9;
visszaterjesztett hibatagokat.

oL
= g = (7 =) © 021~ o(z)
oL
Ok—1 = 5 = W' - 5_k ®o(zk—1)(1 — o(zxk_1))
Zik—1 -

2. 0k alapjan kiszamoljuk a paraméterek szerinti gradienst

oL .
oW, ~ 2k © k-
o s o1

Ob  —



Egyetlen tanulasi lépés

e Eloreterjesztés
Rétegen beluli szamitas parhuzamosithaté

Rétegek szamaban linedris

e Visszaterjesztés, sulymodositas
Naivan négyzetes ido
Visszaterjesztett hiba segitségével linearis

Mara mindezt ajandékba kapjuk a modern tenzor konyvtaraktdl.



A tanulas folyamatanak finomhangolasa

Rengeteg optimalizacids médszer a tanulas irdnyitasara

e [anulasi rata
e Paraméterenként kulon-kulon tanulasi rata.

e Momentum mddszer: megjegyezzuk, hogy a miltban merre
mozdultak a paraméterek.

e Miiltbeli gradiensek masodik momentumat is figyelembe
vehetjuk.

Manapsag a leggyakrabban hasznalt médszerek:

e Nesterov momentum

e Adaptive Gradient Algorithm (AdaGrad)

e Root Mean Square Propagation (RMSProp)
e Adam



A tanulas folyamatanak finomhangolasa

Rengeteg optimalizacids médszer a tanulas irdnyitasara

e [anulasi rata
e Paraméterenként kulon-kulon tanulasi rata.

e Momentum mddszer: megjegyezzuk, hogy a miltban merre
mozdultak a paraméterek.

e Miiltbeli gradiensek masodik momentumat is figyelembe
vehetjuk.

Manapsag a leggyakrabban hasznalt médszerek:

e Nesterov momentum

e Adaptive Gradient Algorithm (AdaGrad)

e Root Mean Square Propagation (RMSProp)
e Adam

Ezek réeszletesen a 4. eloadason



Az adathalmaz szétbontasa

e Tanitd adatok: a halézat paramétereinek bedllitasa.

e \alidaciés adatok: a halézat és a tanuldsi folyamat
hiperparamétereinek beallitasa.

e Teszt adatok: végso kiértékelés.



A tanulas kiertekelése

1. Tanulasi hiba: mennyire illeszkedik a modell a tanité
pontokra?

e Egy tipikus neuralis halézat erdsen tulparametrizalt és nagyon
sok féle médon tud jdl illeszkedni a tanité pontokra.

2. Altal4nositési hiba: mennyire jél altaldnosodik a modell
tanitas soran nem latott adatokra?

e Regularizacié



Regularizacio

e Aktivan kutatott terulet.

e Minden olyan mddszer, mely megakadalyozza a tiltanulast.

1. Architekturalis valtoztatdsok (Dropout ...)
2. A tanulas folyamatdnak mdédositasa (Korai Leallas .. .)
3. Adatok médositdsa (Augmentacid ... )

4. Uj tag hozzavétele a hibafiiggvényhez (Weight Decay . ..)



