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Neuralis Halozato
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Felligyelt Tanitas

Forras: S.J.D. Prince
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Age In years

Bemenet-kimenet k6z6tti 6sszefligges

modellje: y = f[x;, @]

-
/|)
/
AN

Height of child
is 139 cms

b)

Real world input

6000 square feet.,
4 bedrooms,
previously sold for
$235K in 2005,

1 parking spot.

Model input

Model

Model output

Real world output

"6000]
1
» | 235 |

= S A\ ¥/
[ | X
S A, 1 \
XN N—
H /
{ )

2005

Deep learning
madel

> [:; H‘l_'—b

Predicted price
is $340k

“The steak was terrible,
the salad was rotten, and
the soup tasted like socks”

Deep learning
maodel

[—12.9
__’:FWLI

Freezing point
is -12.9°C
Boiling point
is 56.4°C

RBT2
5191
98041

> 8631 "

8672

Deep Iearning

model

Negative

1253
12034
1253
6178
24
1447

Deep learning

model

Electronica

124 ]
144)
156
128
112

157

Deep learning
model

0.89

Bicycle
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Feliigyelt Tanitas

Linearis regresszio

a)x

Output, y

Output, y

b)
Loss, L 07
4 @ o
e © © e © ©
O O
O O
®e ®e
1o
}' ,‘H 00 .
Input, d) Input,
Loss, L = 10.28 Loss, L = (.20
o) @ @
O
O
®e
<
o
——— *
Input, a Input, x

Forras: S.J.D. Prince
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Felligyelt Tanitas

Osztalyozasi feladatok

2

HE
B &

»

am

% [\ car classifier

airplane classifier !

H |

|

deer classifier

Linearis osztalyozas Ezeket hogyan osztalyozzuk?



Felligyelt Tanitas

Tanitas vs. Teszteles

~70%
Full D
Data |

alidation  ~ 1 5%

~15%
.

Cél: a tanitd adat alapjan altalanositani teszt adatokra

Loss

- >
Underfitting Optimum Overfitting

/

Generalization loss

Training loss

>

Model complexity

Elméletileg: bonyolultabb modell — rosszabb altalanositas!



Felligyelt Tanitas

Underfitting vs. Overfitting

Overfitting Right Fit Underfitting

. e o e o

- ® o o ¢ .. L2 * g
¢ ®

Classification

Regression \/\/\/’\N \/
e eas e

Tul kevés parameéter: csak nagy hibaval tudunk illeszteni a tanitd adatokra is (underfitting)
Tul sok paraméterrel: tanitdé adatokra akar tokéletes, de altalaban mar rosszabb illeszkedés (overfitting)
Egyszerli megoldas jobban altalanosithatdo — a problémat altalaban regularizalni sziikseges!

14



Felligyelt Tanitas

“Double Descent” jelenség

FALl o

(Classical Statistics)

rain Eri
i

1

\\\/‘4\\
Rpality \_\

Model Size (ResNet18 Width)

A deep learning forradalom felismerése: minél tébb a paraméter, annal kisebb lehet a hiba!
(Kesbbb visszatériink ra...)

8



Felligyelt Tanitas

Képosztalyozas
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Felligyelt Tanitas

Képosztalyozas

(

CAT

LABELED

PHOTOS

DOG

)

e
3
“
o
..
-
K
&

g—
-‘a,

QUTPVUT




Felligyelt Tanitas

Keposztalyozas — Adathalmazok

*‘

airplane i - H % Y .___I

ole]e]ole]ole]oleololo]e]e]o]olo]a]ca]o womoste I E P D ﬂ‘.;
FNnnaannGanunnnEaEnunn =
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EEHBEEBEBEHEERERREERD «  ERTHMERE - P
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28 x 28, szlrkearnyalatos 32 x 32, szines

60000 (train) + 10000 (test) 50000 (train) + 10000 (test)

10 osztaly 10 osztaly

MNIST CIFAR-10
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https://en.wikipedia.org/wiki/MNIST_database
https://www.cs.toronto.edu/~kriz/cifar.html
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Keposztalyozas — Adathalmazok

20 28.2
25.8
C— £
mite container s motor scooter : . . . .
mite | coRtalwerShip]_  metor scooter legpard b ImageNet Classification with Deep Convolutional
black widow lifeboat go-kart jaguar
s i B . k3 Neural Networks
starfish drilling platform golfcart Egyptian cat
v = " — lf? 20
&
— Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
- University of Toronto University of Toronto University of Toronto
2 15 kriz@cs.utoraonto.ca ilyafcs.utoronte.ca hintorn@ecs.utoronto.ca
. 3 O
g ry - HonEey %D
;J grille mushroom grape spider monkey E 11.7
pickup jelly fungus elderberry titi -
beach wagon J gill fungus |ffordshire bullterrier indri — 10 &)
fire engine | dead-man's-fingers currant howler monkey = 8
D
- e
8 ”
ImageNet-1K- AZ ember IS Csak 5 lllllzllllllllll [

-
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3.0

ennyire képes

1281167 (train) + 50000 (validation) + 100000 (test)

1000 osztaly
155 GB! 2010 2011 2012 2013 2014 2014 2015 2016 2017

2.25
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Neuralis Halok
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Neuralis Halok
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Differencialis Programozas

Altalanos Interfész

Parametrizalt fliggvény
Layer \
% T -
3. | e I
< Backward <

0xy / 00Xy 41 Szabad paraméterek

dL
oW,

llyen “retegekbdl” barmilyen szamitasi procedura
felepithetd és differencialhatd!
(Pl. minden neuralis haldzat is)

13

Forras: Szemenyei M.



Neuralis Halok

Linearis réteg

y = Zwixisz

T6bb linearis reteg:
Ekvivalens egy (specialisan parameéterezett) linearis réteggel!

14



Neuralis Halok

Altalanositott linearis réteg

e Parametrizalt fliggvény: y = flx;, ¢]
« Klasszikusan — linearis fliggvénycsalad
+ Polinom y= 2 mib

* Trigonometrikus (Fourier)
e Spline (szakaszos polinom)

 Gauss (RBF)

* Nagyon rosszul skalazodik magasabb
dimenziokra...

15
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N e u ré I is H é I 6 k A LOGICAL CALCULUS OF THE

Neuronok. aktivacios fu o gVé nye k IDEAS IMMANENT IN NERVOUS ACTIVITY
y

WARREN S. MCCULLOCH AND WALTER PITTS

(1943)

L1

(Vox}
N\
Dendrile 1T« \
Axon terminal A 2 KU
V
I3

y=a [wo + WXy + e wnxn]

W
=

Activation
Q o Function
Outputs
Myelin sheath Output points = synapses
> O
J
Myelinated axon trunk Activation

Inputs

Input points = synapses

Transfer
Function

0,
Threshold

16



Neuralis Halok

Neuron / Perceptron

Linearis kombinacio
_|_

Nemlinearis aktivacios fliggveny

(Mesterséges) Neuron / Perceptron

szigmoid aktivacio

(bar természetes, ma mar csak elvétve hasznaljuk!)

O 1 1
-10 -9 0 S 10

Forras: Szemenyei M. .



alz] = ReLU|z| = {

5.0

0

<

Neuralis Halok

Aktivacios figgvenyek

RelLU|z]

-5.0

Korszer( aktivacios fuggvény valasztas:

Rectified Linear Unit (ReLU)

z <0
z >0

Forras: S.J.D. Prince

a b C
), ) )
e | softplus|z]
1 siglz _
N
o Y GelU[2]
T PReLU[z, 0.25]
4.0 0.0 4.0 -4.0 0.0 4.0-4.0 0.0 4.0
d e f
), . ) )
— | swish[z, 1.4
0.0 = 14
(V) .
swish|z, 1.0]
| ELU[z, 1.0] 1 SELU[Z]
4.0 0.0 4.0 -4.0 0.0 4.0-4.0 0.0 4.0
< < <

18


https://udlbook.github.io/udlbook/

Neuralis Halok

Neuronok képességei

« Mit képes egy mesterséges neuron
(perceptron) megtanulni?

e XOR-t pl. nem...
AND OR XOR
y y y A ' -
* * * . M. Minsky 5. Papert
? [1969]

. * * “Neural networks trained by gradient
- > - descent would fail to scale up, due to local
x x X minima, extremely large weights, and slow

convergence.” (1989-es kiadas)

Sokaig ez volt az altalanos vélemeény...

T6bb perceptron rétegre van sziikség!

19



Neuralis Halok o

alz] = ReLU|[z] = { #<9
y 4 y 4 V 7 4 y 4 y 4 \Z Z4 Z O
Ketretegu halok — 1 bemenet
y = flz,d]
= ¢ + Pr1alb10 + O112] + @Poalls + O212| + Psalf30 + 0312 S50 0;0 I
Forras: S.J.D. Prince
hy, = a'_910+911:‘1::
a) b) ha = allzg + 0212]
h3 = a_930 +931;L’_
//@\
D —=0
Bemenet Kimenet

Rejtett réteg

”” y 4

(Egyszerusitett diagram)

20



https://udlbook.github.io/udlbook/

Neuralis Halok g

y 4 y 4 V 7 4 y 4 y 4
Ketretegu halok — 1 bemenet .
890
)
o |
1.0. Oro + Oz ' ' O30 + 0317
00 10 2000 10 2000 10 20
d) ) f)
hy, = a'_910+911;1::
ho = ally + 0212 2, j ﬁ
)
hs = alf3 + 0312 o | | |
10. h1 = a[@lo -+ @1133] h3 — 3[930 + 931£L‘]
00 10 2000 10 2000 10 20

’1 (,7')2}?,2 | ngh,g

Output

Applet LINK v Inp:ij)t,q; j')OO'O 10 2.0 0.0 |np1ﬁ,aj 20
Eredmeény: szakaszosan linearis fliggvény! a\/

3 iy hoho b b , |
o gb‘?ﬂbl. 1.+.¢2. 2.+§.b3.3 Forras: S.J.D. Prince
0.0 1.0 2.0

Input, x

21


https://udlbook.github.io/udlfigures/
https://udlbook.github.io/udlbook/

Neuralis Halok

Kétretegl halok — 1 bemenet

1.0 : : : .
5 linear regions 7T “ 2] |20 linear regions VN
- " b P I' N o~ ’ N
7 \ 'I e R ’l V “ !
\ § \ i \ !
\ ] % ! \ ’
;3 ’ \\ / 1 Y ! \ !
+-J ) ‘\ 'I \ 'I \ 'I
= 0.01 A ! 3 / \ /
D— ' \\ / \\ 4 \\ ’
+-J | \A 7 \ s’ \ g
- \ /; ) 4 \ /’
\ / \ / \ /
O . \ / \ i \ /
\ I \ / \ /
\ ! \ ] \ '
. \ ! \ J \ '
\ / \ ’ \ /
" \\~—,, ‘\~—’l \\uo"
1.0- ——Tr—Tr—r— —Tr—r—r— ————
0.0 1.0 2.0 0.0 1.0 2.0 0.0 1.0 2.0
Input, Input, Input, x

Forras: S.J.D. Prince

Univerzalis Approximator:
Kell6en sok neuronnal barmilyen fliggveényt kepes megkdzeliteni a kivant pontossaggal!

22


https://udlbook.github.io/udlbook/

Forras: S.J.D. Prince
a)1 . 010 + 01121 + 01222 b) 020 + 02121 + 02272 C) O30 + 03121 + 03272

Neuralis Halok

Kétretegl halok — 2 bemenet

e) ho =a[f20 402121 +02212] f) hs =al[f30+03121+03222]

—_

d) ) hi1=alb10+01121+ 61222

Applet: LINK

hi = al|fio+ 01121 + O1222 28 Gl
ho = al|ly + 02121 + O2222
hs = al|l3g+ 03121 + 03222

Input, x2
= o
o o

710 |np8.€, - j1).01.(—)13.JO: ¢0+¢1h2-3—¢2h2—|—¢3h1$0 -1.0 |np8|-1?, - 1.0
) 3 neuronnal
;'o.o 23 — 8
Yy = ¢o + p1h1 + P2ha + @3hs 2 -
linearis
L N régiol

Input,
23 PUL 41


https://udlbook.github.io/udlfigures/
https://udlbook.github.io/udlbook/

Neuralis Halok

Kétrétegli halok — Altalanos eset

ha =

a

D;
Oao + Z Oaixi

1=1

Hidden layer

Input layer

Neuron or
" hidden unit

Output layer

Yji =

p —

[—

(-
l ||
- ||
-- [ ]

ek

(-

}_.
O

Number of regions

0 Y Y ‘ ‘ 5 Iﬁ 0 7 Y Y ; 1000 V 0 Y r r ‘ .F)(A)IOCU Y
Number of hidden units Number of parameters

Forras: S.J.D. Prince
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Neuralis Halok

Kétretegl halok — Neuronszam hatasa

1.04 Q0 1.01
0754 0,75 0n.J
0.50 1 0,50 | 0,50
0.25 1 0.25 1 0.2
0.00 [ 0.00 0.00 4
I“\\ N N
-0.25 4 -0.2 —0.25 4~ TN
\~\ \\\ -
-0.50 4 N\ ; —-0.50 —0.50
o r ¢ \ . 4
- ak o
-0.75 1 07540 5 \L ) - /S 21 -0.75 -0.75 1
. ‘ L\_/-" // ) 1100 (e N ol _“\{z__
NP~ C PR e [ PN ( —_— ~
-1.00 . . . ' ' -1.00 += AN e T k\\-”f’-\(ﬂs\l%ﬁ -1.00 . — ' e - . -1.00 v ' . . D, =
-=1.00 -0.75% -0.50 -0.2% 0.00 0.2% 0.50 00 -1.00 -0.7% -0.50 -=0.2% Q.00 0.25 0.50 0.7% 1.00 -1.00 -=D.7% -0.50 .25 Q.00 0.25 0.50 0.7% 1.00 -1.00 -=0.75 .50 =025 0.00 0.25% 0.50 D.7% 1.00

e k=1,1331% () k=2, 1026% (e) k = 4,9.69% (h) k = 8, 8.70%

Ahogy noveljik a neuronok szamat a loss egyre “konvexebb” fliggveny lesz!

(00 neuronra akar konvex kvadratikus loss-hoz és linearis regressziohoz is konvergalhat —Neural Tangent Kernel (NTK))

Erdeklédéknek: LINK

25


https://www.youtube.com/watch?v=raT2ECrvbag

Forras: S.J.D. Prince

Neurélis Hélék . Network 1 C)w Network 2
Tobbretegl (“meély”) halok . =
B_mr = 0.0-
3! EN
100 .- 00 oo 1.0 80 0. 0
Input, = Input, y
d) | Network 142

Applet: LINK

26


https://udlbook.github.io/udlfigures/
https://udlbook.github.io/udlbook/

Neuralis Halok
Tobbretegl (“meély”) halok

Forras: S.J.D. Prince

Output, y

Output, 3/
g

\
=
&
D)
S
\

Input, = Input, y Input, x

Az egyes retegek “Osszehajtogatjak” a bemeneti teret

27


https://udlbook.github.io/udlbook/

Neuralis Halok

Tobbretegi (“mely”) halok

Output, ! ! Qutput, v’
1.0 b Y 10— put, y

0.0 1.0
Input, z;

Forras: S.J.D. Prince



https://udlbook.github.io/udlbook/

Neuralis Halok

V 4 4

Tobbretegl (“meély”) halok

Applet: LINK

hy = albio+ 0117 hy = a
hz = 3:920 + 921.1 Iz = a
hs = alts0 + 0 hy = a

[¥10 + ©11hy + Y12ho + Y13hs)
(V20 + Y21h1 + Yazha + Wazhs)

(V30 + W31 hy + Ysoho 4+ Wgshs)

29

| w0+l +iiahe+ii3hs

'{,"‘-30 -+ ’f;';'Q 1 fi 1 +"{;'.,'32 f Lo + '{.'7-'33 / I3

| wsp+tisfiy +usafis iz

0.0

1.0 200.0 0

e)

2.00.0

f)

1.0 2.0

| ! ] _f | r
1alvng+un ket shy]l  {alton+to Ry Feasho+dnghag | 1@ =t by Fehe + s hy)

1.0 20 0.0 1.0

h)

2.0 0.0

10 2.0

)

fyhiy

y' = Gy + S1hy + 3k + dihy

0 2.0 0.0

Input, =

2.0 0.0

~7 L r ! ~f1.f
5-)0 T‘ (:.>1})1 I C‘)z{)z I [‘J:j}?.é

T_
J

Input, x

&

Input, =

Forras: S.J.D. Prince
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Neuralis Halok
Tobbretegl (“meély”) halok

Multi-Layer Perceptron (MLP)
Aka “Fully Connected Network”

y =Bk +Qka [Bx_1 + Qx_1a[... 0, + Ra[B; + Qa8 + Qox]] .. ]] Depth
—
hl — a[ﬁo + QOX] h2 — a[,@l + thl] h3 — a[IBQ + QQh?] W|dth I
‘ “Hiperparaméterek”

9
CERE ‘«‘w@ R

Suly matrixok Q) € R Q, € R2x4 Q, € R3*X? Q. ¢ R2X3
T ‘ Hidden Hidden Hidden Outout
S layer, hy layer, ho layer, hs put, y

Vi = Di=4 Dy =2 D3 =3 Dy =2 Forras: S.J.D. Prince
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Neuralis Halok
Multi-Layer Perceptron (MLP) — Applet

FEATURES

——————— -

-

e

S -

®

8 nourons

3 HIDDEN LAYERS

—————
——— —— —

https://playground.tensorflow.org/

31

OUTPUT



https://playground.tensorflow.org/

Neuralis Halok
Multi-Layer Perceptron (MLP) — Geometria

Forras: R. Baraniuk

ReLU MLP = szakaszosan linearis fiiggvény (spline)! 5 rétegli MLP

Erdeklédéknek: LINK

32


https://www.ams.org/journals/notices/202504/noti3150/noti3150.html
http://www.apple.com

Neuralis Halok
Multi-Layer Perceptron (MLP) — Geometria

Forras: R. Baraniuk

ReLU MLP = szakaszosan linearis fiiggvény (spline)! 5 rétegli MLP

Erdeklédéknek: LINK

32
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Neuralis Halok

Melyseg hatasa

a) - Input dimension D; =1 b) e Input dimension D; = 10
U U
C C
$= 0
QO 10 @
— —
—H— H—
O O
— ) —
o 10 3
- -
S S
Z Z

10(')

0 500 1000
Number of parameters

33

0 10000 20000
Number of parameters

Forras: S.J.D. Prince
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Neuralis Halok

Melyseg hatasa

-
-

% Train error

O

0 Epoch 500K

Megfelel6 architekturaval (rezidualis kapcsolatokkal) a mélyebb halok gyorsabban tanulnak!
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Neuralis Halok

Tanitas — Backpropagation

* Neuralis halok tanitasa gradiens-
alapu modszerekkel tortenik:

* Mini-batch SGD / ADAM

« Kisebb halokra esetleg
(kvazi-)Newton (pl. L-BFGS)

* Gradiensek szamitasa:
backpropagation — reverse modu
automatikus differencialas specialis
esete!

35
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https://xnought.github.io/backprop-explainer/
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Neuralis Halok

Tanitas — Backpropagation

* Neuralis halok tanitasa gradiens-
alapu modszerekkel tortenik:

* Mini-batch SGD / ADAM

« Kisebb halokra esetleg
(kvazi-)Newton (pl. L-BFGS)

* Gradiensek szamitasa:
backpropagation — reverse modu
automatikus differencialas specialis
esete!
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Neuralis Halok

Tanitas — Parhuzamos hardver szerepe

4,

- AN : 2
L Warp Boheduier (32 thewadinhh) 0
Dwspanch Unet (32 threadcik)

Register File (16,384 x 32-bit)

5

elic

PRI PP cens0R TENSOR

y = net(x) oz e CORE CORE

loss = lossfn(y, label)
loss. backward()

O PyTorch

!

NT
!
Wt
T
Ll
L
Y
O D
W

B 1M 1] . C O T

Neuralis halok kiertekelése / tanitasa:
ldealis feladat a SIMD parhuzamos hardver (pl. GPU) szamara!
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Neuralis Halok

Tanitas — Aktivacios fliggvenyek szerepe

1.0 4

0.6 4
0.4 1

0.2 4

0.0 1

—  Sigmoid
084 —=- gradient

S~
-
el T —

QOutput

Modern aktivacios fuggvenyekkel (ReLU, stb.) ez a probléma megszint!

-7.5 =50 =25

37

2.0

_Z.O-_

RelLU|Z]

-2.0

V4 4 V4 4

Klasszikus aktivacios fuggvények (sigmoid/tanh/stb.): eltliné gradiens probléma!

Input, z



Neuralis Halok

Inicializacios modszerek

* Hogyan inicializaljuk a halo sulyait? Forward pess

 Csupa 0?7 a neuronok |
megkulonboztethetlenek | o

egymastol, nincs ami megtérie a ¢ o jmm————_

szimmetriat...

» Random sulyok: az aktivaciok ésa
gradiensek nagysaga T B E
folyamatosan csokkenhet/nohet!

» Xavier/Giorot/He inicializacio: w ~ 4 (0,06q) 62 =
(nhormalizalt variancia)

38

b)

2
To1/0h;

Forras: S.J.D. Prince

Backward pass

T L 2

L 3 L 4 1



https://udlbook.github.io/udlbook/

Neuralis Halok

Regularizacio

1 .
L =EZL1- + AR(w) - min
i

T

Regularizacio

L2 ROV = > Wi,

L1 R(W) = Z,(ZZIW"""‘
ROW) = ) > BWA + Wil

Elastic (L1+L2)

39

Overfitting

N

Right Fit Underfitting




Neuralis Halok

Regularizacio — Weight decay

1 2 L2 regularize:tcié
L= Nz Li + szZka,z gradiense zart alakban
l

kifejezheto!
o NmB
Wyiq =W, — N Z (VL; — AW,) “Weight decay”
l
Weight decay
M,

Wiy = Wy — 77(\/6 " + AWy ) AdamW
k &
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Neuralis Halok

Regularizacio — Dropout

O —/C
A ARAAN
& QWO&Q
ISR

A7\
OSA X

%
UROSIIOSKOC
= /’6‘}\ ~ /O?OW{ ~
N\
G

Dropout:
minden iteracioban véletlenszerlen kivalasztott neuronokat optimalizalunk
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Neuralis Halok

Regularizacio — Dropout

O —/C
A ARAAN
& QWO&Q
ISR

A7\
OSA X

%
UROSIIOSKOC
= /’6‘}\ ~ /O?OW{ ~
N\
G

Dropout:
minden iteracioban véletlenszerlen kivalasztott neuronokat optimalizalunk

41



Neuralis Halok

Regularizacio — Adat augmentacio

* Van, hogy a “nyers” adatok nem
elégsegesek az altalanositashoz...

« Adat augmentacio — az adathalmazt

”” 7

mestersegesen kibdvitjlk

e PIl. képekre kilénb6zb
transzformaciokat alkalmazunk

« Alkalmazas figgd, hogy milyen
modon érdemes csinalni

* (Az 6nfellgyelt tanitas prototipusa)

42

Original
Image

Rotation

Augmented images



Neuralis Halok

Rezidualis kapcsolatok — Motivacio

il
N—

>N
—

O
—

20.0 A - -
2. U pd - 0.2 T ‘ 1.0 T
| hidden layer 24 hidden layers 2 hidden layers

- X SO -
O ~ 3 -
Pl ~ o O
o > = R

= - ©

N P— — o
bo S ) GJ
= s 5 = — S _
c S = o 24 hidden layers
(O R R ﬂ |
— B © Q
— @ © 5 -
R G S <
o
[‘] [‘) - - - - - _'].';J 111111111 '[;|:_] 111111111 l{;’ !!!!!!!
" .. DR 2.0 0 -7 0.0 0 0.1

\_"(_‘J E:’UUU\) L. d.Ju 2 J.v . LJ J.J J .
Training step Input, 2 Input, x Ax

Az igazan mély (> 20 retegU) neuralis halok tanitasa nem latszik realisnak...
Megoldas: rezidualis retegek
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Neuralis Halok ; k

Rezidualis kapcsolatok

! T

Activation function Activation function
A
Jx) = g(x) +x .
< w Nem egymasba agyazott fliggvények Egymasba agyazott fliggvenyek
J(X) g(x)
l-_—_——_"_——_—_j r—=—=-=-== _——_—_—|
| |
| Weight layer : | Weight layer :
| |
| $ : | 4 :
i Activatio: function : i Activatio: function : Skl p conne Ctl on
| ' | '
| Weight layer : : Weight layer :
|
- _______! - T________! Y . s s a s . 7 7
f | 4 ldentitas flUggvenyre inicializalhato!

Normal réeteg  Rezidualis réteg |Akar tdbb 100 retegl halok is tanithatoak!
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https://d2l.ai/

Neuralis Halok

Rezidualis kapcsolatok

A rezidualis halok vesztesegfiiggvenye sokkal simabb — kénnyebb optimalizalni!
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Neuralis Halok

Normalizacio

1
mp E Z h;

1eB
sy = 1 Z(h" mp,)?
Bl {5
h? o !
h@' < h
Sp 1+ €

Batch Normalization: Accelerating Deep Network Training by
Reducing Internal Covariate Shift

Sergey loffe Christian Szegedy
Google Inc., sioffe@google.com Google Inc., szegedy@google.com

, ;
X;l‘ f, }1)53 2 2{ f, ]2>© 4 44 f. }J"{G 8
1 2 )
1 1 X2
N\)

position

Batch Normalizacio (BatchNorm)

<
™ - cC -
N s 1] .© 0
L = |- = =
§ 2 T g 2
™ b=
N "
A Ch =
aet 3 a0
4 \\
/)G/ \Oa\_C\(\ ' O@/ ‘O'c\"c"(\ '
BatchNorm LayerNorm GroupNorm InstanceNorm
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Neuralis Halok

Implicit Regularizacio

" )

r
o

- ResNet-34
(- o T : & S ¢
= DenseNet. 201 under-parameterized over-parameterized
= - _ResNet-152
m 1 - -
o | Xeeption Test risk
N | _EfficientNet-B2 on- ) , ,
15 oinception-ResNet-V2 "';‘D “classical” “modern”
-— _ResNext-101 “ . o Za gl o
L m regime interpolating regime
O EfficientNet-B4
- * - AmoebaNet A e
X EfficientNet-B6 i < - o g
- > EfficientNet-B7 ~ Tralnmg I‘lSk:
>0 50 100 R + _interpolation threshold
Overparameterization factor T

Complexity of H

A modern neuralis halok erésen tulparameéterezettek, megis jol altalanositanak...
“Double descent”: minél tobb parameéter, annal jobb altalanositasi képesség!
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Neuralis Halok

Implicit Regularizacio

Gradient descent
a legkisebb

L2 normaju
megoldashoz
konvergal!

8 Degrees of Freedom 20 Degrees of Freedom

1
|
1
|

.
min = [|Ax — b2

N
o £ o=, Q-0
o > > e
| O\ Ory \ - ~ c\ /:b -
SN .. ww e/

o o
T ) [ T o _ '
o e & o Training Error
N Y- » Test Error
i A | LU T | [ T 1 L W
| i | | | | N | 0
—4 -2 0 2 4 -4 -2 0 2 4 =
42 Degrees of Freedom 80 Degrees of Freedom
] = S S o _
— o — w L
Q -~ o
- " O, Q)' "’6('-)\ - " O ? 'QG\U
= 0\ /% \O & o AN /-‘0 e 0 |
- n N o
| 7 =, N
T - -0 i oo T . ¢ T
a C
Y - T = o
o
P <4111 L1l TER T | @ < 111 L1 11l T ‘ ' ' !
' ' ' ! ' 2 5 10 20 50
—4 -2 0 2 4 -4 -2 0 2 4

Degrees of Freedom

Double descent — meég linearis regressziora is megfigyelhetd!
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Neuralis Halok

Implicit Regularizacio

Gradient descent
a legkisebb

L2 normaju
megoldashoz
konvergal!

8 Degrees of Freedom 20 Degrees of Freedom

1
|
1
|

.
min = [|Ax — b2

N
o £ o=, Q-0
o > > e
| O\ Ory \ - ~ c\ /:b -
SN .. ww e/

o o
T ) [ T o _ '
o e & o Training Error
N Y- » Test Error
i A | LU T | [ T 1 L W
| i | | | | N | 0
—4 -2 0 2 4 -4 -2 0 2 4 =
42 Degrees of Freedom 80 Degrees of Freedom
] = S S o _
— o — w L
Q -~ o
- " O, Q)' "’6('-)\ - " O ? 'QG\U
= 0\ /% \O & o AN /-‘0 e 0 |
- n N o
| 7 =, N
T - -0 i oo T . ¢ T
a C
Y - T = o
o
P <4111 L1l TER T | @ < 111 L1 11l T ‘ ' ' !
' ' ' ! ' 2 5 10 20 50
—4 -2 0 2 4 -4 -2 0 2 4

Degrees of Freedom

Double descent — meég linearis regressziora is megfigyelhetd!
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Neuralis Halok

Implicit Regularizacio

t =1

Maximum margin
classifier (SVM)

Double descent — meég linearis klasszifikaciora is megfigyelhetd!
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Neuralis Halok

Implicit Regularizacio

* Implicit regularizacio: a gradient descent “egyszeri” megoldashoz konvergal, még
tulparaméterezett modell esetén is!

* Implicit regularizacio forrasai:
 Architektura (skip connection, normalizacio, stb.)
e Batch-méret
« Sztochasztikus optimalizacio
e |nicializacio
« Korai leallas (early stopping)
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Neuralis Halok

Lokalis minimumok?

Neuralis halok: nemlinearis, nem-konvex fliggvenyek
A gradient descent miert nem ragad lokalis optimumba?
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Neuralis Halok

Lokalis minimumok?

Neuralis halok: nemlinearis, nem-konvex fliggvenyek
A gradient descent miert nem ragad lokalis optimumba?
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Neuralis Halok

Lokalis minimumok?

- 30 | | | | .
- - - e 25 - _
£ 20}
S - - b
- - T S 15
b~ -
5 : 5
= : £ 10
~ £
' “ S - o ....
- . - - - P ’: o ¢
- - - - - 0L =owe e ' —
. - A . - -~ | | | |
— . 0 0.05 0.10 0.15 0.20 0.25
Weights Index of critical point

Forras: S. Ganguli

A tipikus kritikus pont nyeregpont — a lokalis minimumok nagyon ritkak!
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Konvolucios Neuralis Halok

Motivacio
Forras: Szemenyei M.

5 5 5
> 1
> X1 = WXy )f ﬂl ‘|‘ 5 ﬁ sﬁ 5 ﬁ r 10 Ij
3072 (32x32x3) 10 32
3 3 3
/ ‘ o I

3

<

'

MLP (“fully connected”) réteg: Konvolucios (CNN) réteg:
10 kimenetre: kb. 30000 paraméter 10 kimenetre: 10x3x5x5 = 750 parameéter
(512 kimenetre: kb. 1,5 Millid paraméter!) (512 kimenetre: kb. 38000 paraméter!)
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Konvolucios Neuralis Halok

Motivacio — Invariancia és ekvivariancia

 Hogyan valtozik a kimenet, ha mddositjuk a
bemenetet? — pl. eltolas, forgatas, tlkrozeés
(szimmetria transzformacio)

 Invariancia: nem valtozik

 Ekvivariancia: a transzformacionak
megfeleléen valtozik

e Az invariancia/ekvivalencia tulajdonsagot
meg lehet tanulni, vagy be is lehet épiteni a
halo strukturajabal

e PI. eltolasi ekvivariancia — konvolucios
neuralis halozat (CNN)

54
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classily
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classify

Invariancia
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Ekvivariancia
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(with arbitrary kerncl)

] /
O

{
o —; /
(\“;\/") '/lvr) \\
l'/
{

l translation

Forras: M. Weiler



https://maurice-weiler.gitlab.io/blog_post/cnn-book_1_equivariant_networks/

Konvolucios Neuralis Halok
MLP-bol CNN

—— = Lokalis konnektivitas
’:: = @' i ,,i} n

/
/
t
\
\

() S fiq Nl

T — - \""\_ _/ ‘\\‘\\\ ’

D) O megosztott sulyok
() e rey— —_

b) X1 T2 T3 Ty Ty Tg d) X1 o X3 T4 Ty Xg f) X1 o 3 T4 Ty Tg Y 4 . 4 7 anm Y AN 4
b h Konvolucios neuralis halo (CNN)
h,.g hg
,),3 hi
h.

1:4 — local connectivity weight sharing
fig neural
activations \_\ \
\
I \
neural
connections |
oL )
W RER
Imput NN \\,\ \ } \\
signal “‘gi_‘;{ | :
A \

fully connected (MLP) locally connected convolutional (CNN)

Forras: M. Weiler
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https://maurice-weiler.gitlab.io/blog_post/cnn-book_1_equivariant_networks/

Konvolucios Neuralis Halok

Konvolucios kernel

« Konvolucios reteg: minden
bemeneti érték (pl. pixel) lokalis
kornyezetében alkalmaz konvolucios
szUrest (kernel), tanult sulyokkal

» (Szigoruan véve ez korrelacio, de
konvolucionak szokas nevezni...)

Input Kernel Output

O]l 1]2

0] 1 19 1 25

31415 *

2|3 37143

6|7 |8
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Konvolucios Neuralis Halok

Konvolucios kernel

« Konvolucios reteg: minden
bemeneti érték (pl. pixel) lokalis
kornyezetében alkalmaz konvolucios
szUrest (kernel), tanult sulyokkal

» (Szigoruan véve ez korrelacio, de
konvolucionak szokas nevezni...)

Input Kernel Output

O]l 1]2

0] 1 19 1 25

31415 *

2|3 37143

6|7 |8
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PSRR




Konvolucios Neuralis Halok

Tobbcsatornas konvolucio

A 2
.»i’/f' Rl

Rinput, X Hidden layer, H;

Tobb kimenetl rejtett rétegek esetén hasonloan jarunk el...
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Konvolucios Neuralis Halok

Receptiv Mez6

A késbbbi rétegek nagyobb teriletet “latnak”
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Konvolucios Neuralis Halok
Stride, Padding, Dilation

Stride =0
Padding =0
Dilation = 0

Stride = 1
Padding =0
Dilation = 0

Stride =0 Stride =0
Padding = 1 Padding = 0
Dilation = 0 Dilation = 1

Forras: https://github.com/vdumoulin/conv_arithmetic/
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https://github.com/vdumoulin/conv_arithmetic/

Konvolucios Neuralis Halok
Stride, Padding, Dilation

Stride =0
Padding =0
Dilation = 0

Stride = 1
Padding =0
Dilation = 0

Stride =0 Stride =0
Padding = 1 Padding = 0
Dilation = 0 Dilation = 1

Forras: https://github.com/vdumoulin/conv_arithmetic/
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https://github.com/vdumoulin/conv_arithmetic/

Konvolucios Neuralis Halok

1x1 Konvolucio

Height

Input layer, H Output layer, H’

1x1 konvolucios réteg = csatorna-menti MLP
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Konvolucios Neuralis Halok

Pooling, le/felskalazas

Max pooling Avg pooling

) e © 0000
@@ ) 900@

Felskalazas Unpooling Bilinearis interpolacio




Konvolucios Neuralis Halok

Architekturak fejlodese

50

i i
: CNN . Transformer
' Y-
O
> 8
@) ,
LE _Ale,xN:st o o 3 8& O ‘
‘é_ - o) O .. ‘
= . VGG O oos o
- DenseNet
. ResNet-200
1
[
00 | 2014 | 2016 | 2018
Year

ImageNet max. hiba fokozatosan csokken!
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Konvolucios Neuralis Halok
Architekturak — Felépites

pps

— CAR
— TRUCK
7 — VAN
\' ——————————————
¢=’:
\
’ ,’//% eee :
/,//’ // ;
‘ < |- 3 — BICYCLE
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING FLATTEN FULLY SOFTMAX
I e FaN CONNECTED )
FEATURE LEARNING CLASSIFICATION

CNN architekturak tipikus felepitese
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Konvolucios Neuralis Halok

Architekturak — Feature-ok

Low-Level| |Mid-Level| |High-Level Trainable
Feature Feature Feature Classifier

, Tipikus CNN feature hierarchia
(Erdekl6d6k szamara érdekes olvasmany: Circuits)
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https://distill.pub/2020/circuits/zoom-in/

Konvolucios Neuralis Halok
Architekturak — LeNet [1998]

FC (10)
T Gradient-Based Learning Applied to Document
FC (84) . e
; Recognition
FC (120) Yann LeCun. Léon Bottou, Yoshua Bengio, and Patrick Haffner
2% 92 AngOO|, stride 2 convolution convoluticn pooling dense
pooling dense
T o _ S dense
5x 5 Conv (16) : B 2 5] =
’ ] S © @)
2 x 2 AvgPool, stride 2 ‘ L —— O o 3
T L 6@14x14 —I |
] S2 feature map G@5XE
5 x 5 Conv (6), pad 2 28x28 image 6@28x28 16@10x10
T( ) i I C1 fealu):e map C3 fealw: map S4 feature map
Image (28 x 28)
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Ko nvo I ﬁ c i 6 S N e u ré I i S H é I 6 k ImageNet ClaSSilgzifng‘Zitxo?izp Convolutional

Architekturak — AlexNet [2012] v s G

University of Toronto University of Toronto University of Toronto

kriz@cs.utorento.ca ilyales.utoreonte.ca hintorn@es.utoronto.ca

e
O
753 ol \\)QQ\Q\QQ
O - o
PO
“ qﬂ:k : ol L ”

DN . (é() Q O 2&;&(@&
1. reteg altal megtanult szurok 8o :
W
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Konvolucios Neuralis Halok
Architekturak — AlexNet [2012]

Mi kellett végul a meély neuralis
haldok attoréséhez?

* Nagy mennyiséegl és j6 minésegl
tanitd adat (ImageNet)

* Megfeleld aktivacios fliggvenyek
(RelL_,U)

* Megfeleld inicializacio

* Megfelelb regularizacio (dropout,
normalizacios retegek)

* Parhuzamos hardver (GPU)

30

28.2
25.8
25
O
— ' ;
— 3 3 ¥ .
aa QS "\;:IJ =N \ A A /
W 20 : . o7 ‘-.‘I.." PrEn "‘.<"' bz N5e
=y * YN RS \ N ATTATT
[_‘ X l 5 ] LY 13 J donze. [dense
5 15.3 | T e S -
% 15 :}ilqll(;'\- Max \.\ 122 Max N . - :"-'-1:"‘!0 07 204
Yar g
20 X —
4]
& 11.7
P &)
U - N
ot & 5 7.4
&) ~ = 6.7
. =
Az ember is csak Z |
] képes SlEEEEEEEEEEEEEEEE RS [ER "N lj % llllllllllllllllll
ennyire

2010 2011 2012 2013 2014 2014 2015 2016 2017
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Konvolucios Neuralis Halok
Architekturak — AlexNet [2012]

l STATISTICAL LEARNING !
——

~ /£

overgeneralizes because the
C-Dimension of our Kernel

s too high, Get some
experts and minimze the
structural risk in a new one.
Rework our loss function,
ake the next kernel stable,
nbiased and consider using 3
oft margin

MORE

AlexNet elott

68
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Ko nvo I l,l Ciés N eu rél is H é I 6 VERY DEEP CONVOLUTIONAL NETWORKS

FOR LARGE-SCALE IMAGE RECOGNITION

Architekturak — VGG [2014] oSy & e Zerman

Visual Geometry Group, Department of Engineering Science, University of Oxford

%2 ~. Sander Dieleman &2 %
.'_{,-"r

The longevity of the VGG-19 checkpoint is quite remarkable. It was

trained in 2014, and is still shaping the gradients we use to optimise our _\Qs’g _\q@

generative models in the visual domain to this day. Trillions and trillions WA

of forward-backward passes @

16.8K
O o
el o \Q\\\ \Q\'k

W
m M

A A . 22Ut
% ~ '

w ) \r y :b \ r :b ‘\r B -~ ~.‘ ""’N s \;' - .“K-
o8 T~ 4"\7 OO B ‘)Li‘? (_"O a e $\2 0.0 O e $\2 (_\0 DN -~ \ %( \1&}\1'(:'&‘:0»\}
(*lL O+ ,I.'llb.ﬁ ,*.- 5 (‘L. L .1.5 X AO
Co\‘\ ‘bf\aﬂo\‘ﬁ W C,o\”" W Cp\{\ W Qo\‘\ Q Oo\ o
-
3-

16-19 réteg — generativ haldkban ma is hasznalatos!
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Going deeper with convolutions

Konvolucios Neuralis Halok S
Architekturak — Inception / GoogLeNet [2014] i et it Dt

Google Inc, University of Michigan Google Inc, Google Inc.

Christian Szegedy Wei Liu Yangging Jia

Yincent Vanhoucke Andrew Rabinovich
Google Inc. Google Inc.
2 X 5 x 2 X
- >| Concatenation | _ _ _
/ \ W w w i w i w i @
~ X — w X X X @)
3 x 3 Conv, pad 1 5 x 5 Conv, pad 2 1 x 1 Conv > 0 > V 0 0 | 0 S
1 x 1 ~ < - e < Z Z > T
x 1 Conv T T T ® = Q —> @) —> O —> Q Q) > Q) ? ] O
[ 1x 1 Conv 1x 1 Conv 3 x 3 MaxPool, pad 1 ol [F| |2] I8 [F 2 o =
< @) < < @) = = O - = O - = @)
N\ i J‘ S S S S S
Input L L L

Inception blokk GooglLeNet
22 réteg!
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Ko nvo I l,l c i 65 N e u ré I i s H é I 6 k Deep Residual Learning for Image Recognition
Archite kt[,] ré k — ResNet [201 5] Kaiming He ~ XiangyuZhang  Shaoging Ren Jian Sun

Microsoft Rescarch

AUOD ) X}
o4

vy,
Q)
ﬁ
@
-
-
O
=
3

0O4XBN € X €
I004AY [8GOID)

ResNet-18
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Ko nvo I l,l c i 63 N e u ré I i S H é I 6 k Deep Residual Learning for Image Recognition
Archite kt[,] ré k — ResNet [201 5] Kaiming He  XiangyuZhang  Shaoging Ren  Jian Sun

Microsoft Rescarch

- )
— —{BN}>ReLU Conv 1x¢1 |{BN {ReLUl>{Conv 3x3 >{BN}>{ReLUH{ Conv 1x1 ]—»A}—-
- - y,
o
,..‘\1.4 ‘0\0&\
O ) - ,
‘\C)\k )/\‘TL\).\."' C\; \ qj‘)\\\ e ’\‘}*\ - -
Qe A g\ Ao D
;;n A\ 1 T W
W7 . -
T e
24 blocks ‘ i '§6 blocks ( 7 ~ e ~
total total C P o /!/_' L
N S O
- ‘*‘}'ﬁ}“ ™ o 20;"\’\?0
;\Qob %\i\)v b;\“ C;_? QO v

ResNet-200

Rezidualis blokkokkal akar 200+ réteg( halo is tanithato!
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Konvolucios Neuralis Halok
Architekturak — DenseNet [2017] ﬁ}— Ef]%—

B
A

Densely Connected Convolutional Networks

Gao Huang® Zhuang Liu* Laurens van der Maaten A A
Cornell Umversity Tsinghua University Facebook Al Research
Rezidualis blokk: Dense blokk:
Osszeadas konkatenalas
Concatenate to output Concatenate to output Concatenate to output

—>[BN HReLUHCo nv 3x3 ]—> -'-[ BN ]—P[ReLUHConv Shie 3]—> WMCO nv 3x3 ]—>

3 channels 32+3=35 channels 32+35=67 channels 32+67=99 channels

Akar 200+ retegu hald is tanithato!
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Konvolucios Neuralis Halok

Architekturak fejlodése

Parameters

Model No. of Layer (Million) Size
AlexNet 8 60 -
VGGNet-16 23 138 528 MB
VGGNet-19 26 143 549 MB
Inception-V1 20 7 -
Inception-V3 42 27 93 MB
ResNet-152 152 50 132 MB
ResNet-101 101 44 171 MB
InceptionResNetV2 572 20 215 MB
MobileNet-V1 28 4.2 16 MB
MobileNet-V2 28 3.37 14 MB
EfficientNet BO - 5 -

74

Top-1 accuracy [%]

NASNet-A-Large
SE-ResMeXt-101(32xdd)
80 | Il;liceplion-Recht-VZ SENet-154
. s ~ neeplion-vé ens SENet-
SE-ResNeXt-50(32x4d) Xoeption oot Nat ol BhiaiPalh Net-13
SE RosNot (0@ ﬁ esNet-152 ' RasheXt-101(64x4d]
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Konvolucios Neuralis Halok
Architekturak — Kepbdl kep?

Real world input Model input Model Model output  Real world output
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Konvolucios Neuralis Halok

Transzponalt konvolucio

* A konvolucios rétegek altalaban
leskalazzak a bemenetet...

 Mi a felskalazas tanithato,
konvolucios megfeleldje?

Input Kernel

« Transzponalt konvolucio! 017 | [Tramcooees

2 3 Conv 2 3

o« Konvolucio mint métrixszorzés:

112] 4 - [z « (ZEE x [zZm = [1z151E 010 0] 1
3|4 HE5

4 5

5 6 8
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Konvolucios Neuralis Halok

Arc h ite ktl,] ré k — U - N et U-Net: Convolutional Network_s for Biomedical

Image Segmentation

v e, (\)P’ Olaf Ronneberger, Philipp Fischer, and Thomas Brox
VO
G\ N 4D O Computer Science Department and BIOSS Centre for Biological Signalling Studies,

University of Freiburg, Germany
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Kovetkezo eloadas:

Automatikus differencialas es melytanulas a gyakorlatban

 Pylorch alapjal

S O PyTorch

* Neuralis halézatok definicioja és tanitasa

jupyter
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