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Typicka situacia v strojovom uceni

* Uloha a dataset

* klasifikacia, regresia, ...

* Dataset je mnozina parov (X;, y;)
* Trieda hypotéz

* rozhodovaci strom, linedrna regresia, neurénova siet, ...
* M(X,W) =y
* Chybova funkcia
» kvadraticka chyba, vierohodnost, ...
e E(w,D) =e¢
e Ciel
 Minimalizovat e
* Wiy = w; — Vi, (e)
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Regularizacia
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Regularizacia
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Relaxovana Ly regularizacia

* Kazdej vahe priradime branu g
* Branaje nahodna premenna
* Ma hodnoty z intervalu (0,1)
* Penalizacia = pravdepodobnost, Ze sa vaha pouzije = P[g > 0]

Christos Louizos, Max Welling, and Diederik P. Kingma. Learning
Sparse Neural Networks through LO Regularization, 2017.



Nasa uloha
* Vstup

* Dataset
* Dva natrénované modely s rovnakou architekturou (ucitelia)

e \lystup
* Co najlep$i model s rovnakou architekturou (Ziak)



Destilacia vedomosti a orezavanie

* Cielom je zjednodusit komplexny model, no zachovat jeho silu
* Zmensenie casovych, energetickych a priestorovych poziadaviek
* Boj proti pretrénovaniu (overfitting)

* Destilacia vedomosti
e Ucime nového Ziaka od zaciatku ¢o najlepsie plnit Ulohu a zaroven
napodobnovat ucitela
* Orezavanie

* \lytvarame novy model modifikaciu aktualneho
* Orezavame nepodstatné Casti



Pristup 1 — pazravy algoritmus

1. Zistime dolezité casti ucitelov
2. Naucime zZiaka napodobriovat dblezité ¢asti ucitelov

3. Dotrénujeme ziaka
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Pazravy algoritmus

zamrazime
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Pristup 2 — chybou motivovany algoritmus

1. Spojime ucitelov do jedného modelu

2. Trénujeme model aby Co najlepsie splnal ulohu, no zaroven pouzival
len polovicu vrstiev

3. Orezeme nepodstatné cCasti
Dotrénujeme ziaka
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Chybou motivovany algoritmus



LeNet

Image: 28 (height) x 28 (width) x 3 (channels)

v

Convolution 5x5 kernel, padding 2: 28x28x6

J, Tanh

Average pooling 2x2 kernel, 2 stride: 14x14x6

v

Convolution 5x5 kernel padding 0: 10x10x16

J, Tanh

Average pooling 2x2 kernel, 2 stride: 5x5x16

J, Flatten

Linear layer 120 neurons

J, Tanh

Linear layer 84 neurons

J, Tanh

Linear layer 10 neurons

J, Arg max

one hot vector: 1 of 10 classes
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ResNet-18

ResNet-20

Input

224x224x3 ,L

Convolution: kernel 7x7, stride 2, padding 3

112x112x64 4,

Batch norm

112x112x64 ,LReLu

Input

32x32x3 ,l,

Convolution: kernel 3x3, stride 1, padding 1

32x32x16 ,|,

Batch norm

32x32x16 ,LReLu

—_ —_— — e

—_— — — —y

Max pool: kernel 3x3, stride2, padding 1 ordinary block
56x56x64 32x32x16 |,
ordinary block | l ordinary block
56x56x64 |, ' ' 326216 |,
ordinary block ) { ordinary block
56x56x64 |, 32x32x16 |,
down sample block down sample block
28x28x128 |, 16x16x32 |,
ordinary block ) { ordinary block
28x28¢128 |, J 16x16x32 |,
down sample block [ ordinary block
14x14x256 |, 16x16x32 |,
ordinary block | down sample block
14x14x256 |, . 8x6x64 |,
down sample block [ ordinary block
X512 |, 8xBx6d |
ordinary block ] [ ordinary block
X512 ' 8xBx6d |

Adaptive average pool 1x1

1x1x512 ¢.Flanen

Linear layer

Adaptive average pool 1x1

1x1x64 ¢ Flatten

Linear layer
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ordinary block

input

v

Convolution 3x3

v

Batch norm
,j, RelU

Convolution 3x3

v

Batch norm

RelU

output

-

A

downsample block

| input

Y

Convolution 1x1

v

Batch norm

-

v

Convolution 3x3 |

v

Batch norm
,l, RelU
Convolution 3x3 |

v

Batch norm

RelLU

| output
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a) Input

Linear layer

Gate layer

b) Input I

Convolutional layer

Convolutional layer

Gate layer

Average pool

Flatten

Linear layer

[ Linear layer ]

v

Gate layer

J

Tanh

Linear layer ]

v

L Gate layer ‘
¢ Arg maxJ
[ Output ]

Convolutional layer

Gate layer

(T

Convolutional layer

{ Batch norm J

; RelU

Gate layer

Convolutional layer

Batch norm ]

|

Ty

L
»

\;/Re LU

Gate layer

v

Output

—

identické
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Datasety a Ulohy

15 4

e Skusobny dataset H0

e 5vln sinusu so Sumom e

0.0 -

* Imagewoof
e 10 plemien psov (13 000 obrazkov)

e Cifar 100 -15 -

* 100 kategorii (60 000 obrazkov) 00 02 04 06 08 10

* [mageNet
e 1000 kategorii (1 300 000 obrazkov)
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student
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Testovacia presnost

0.42

0.41

0.4

0.39

0.38

0.37

0.36

0.35

0.34

Imagewoof - LeNet

=

B student M bo3 model B one model
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Imagewoof - ResNet-18
0.83

0.825 —

0.82

0.815

0.81

0.805
0.8

e

Testovacia presnost

0.795
0.79
0.785

B student M bo3 model B one model
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Cifar 100 - ResNet-20

0.695

0.685
0.68

0.675

0.67

Testovacia presnost

0.665
0.66

0.655

B student [l bo3 model B one model
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ResNet-18 a ImageNet 1k

Epochy - Epochy — Epochy — Epochy — Testovacia
ucitel spajanie dotrénovanie spolu presnost
- - 90 90 69,76%
- - 150 150 70,28%
20+ 20 20 90 150 70,47%
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Dakujem za pozornost



